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Abstract

:

Protein turnover rate is finely regulated through intracellular mechanisms and signals that are still incompletely understood but that are essential for the correct function of cellular processes. Indeed, a dysfunctional proteostasis often impacts the cell’s ability to remove unfolded, misfolded, degraded, non-functional, or damaged proteins. Thus, altered cellular mechanisms controlling protein turnover impinge on the pathophysiology of many diseases, making the study of protein synthesis and degradation rates an important step for a more comprehensive understanding of these pathologies. In this manuscript, we describe the application of a dynamic-SILAC approach to study the turnover rate and the abundance of proteins in a cellular model of diabetic nephropathy. We estimated protein half-lives and relative abundance for thousands of proteins, several of which are characterized by either an altered turnover rate or altered abundance between diabetic nephropathic subjects and diabetic controls. Many of these proteins were previously shown to be related to diabetic complications and represent therefore, possible biomarkers or therapeutic targets. Beside the aspects strictly related to the pathological condition, our data also represent a consistent compendium of protein half-lives in human fibroblasts and a rich source of important information related to basic cell biology.
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1. Introduction


Modern technological advances have provided investigators with sophisticated methodologies that allow an extensive characterization of the cell proteome. Wide-search proteomics is a powerful tool to identify and quantify an enormous number of proteins and to tackle problems related to all areas of biology and medicine [1]. In the past few years, the study of the protein turnover rate on a large-scale has emerged as a new dimension in proteomics research, and a number of different approaches have been proposed to allow a reliable estimate of protein synthesis and degradation rates (extensively reviewed in [2]). Indeed, protein turnover is tightly regulated by several cellular processes which allow the maintenance of an efficient and functional protein pool and, at the same time, remove from the cellular environment unfolded, misfolded, degraded, non-functional or damaged proteins, as well as insoluble aggregates [3]. Hence, a dysfunctional proteostasis impacts the pathophysiology of many diseases, in particular neurodegenerative disorders but also cancer and metabolic conditions [4,5,6].



Historically, the first studies investigating the issue of protein synthesis and degradation involved the incorporation into proteins of radiolabeled amino acids and allowed the protein turnover rate to be expressed only as total protein dynamics [7]. Later on, proteomic approaches, mainly based on the exposure to labelled amino acid(s) of either cells cultured in vitro, or of small experimental animals in vivo, were used to estimate the rate of synthesis and/or degradation of individual proteins on a large-scale level [8,9,10,11]. The most widely used approach is known as dynamic-SILAC (often referred also as pulsed-SILAC or pSILAC), an evolution of the classical SILAC approach [12] in which cells are first cultured in normal unlabeled medium (the “light” medium) and then switched to a medium containing stable isotope labeled amino acids (usually 13C labelled Lysine and/or Arginine, generally indicated as “heavy” amino acids). Samples are collected at different time points, and the rates of incorporation of the heavy amino acids (which correspond mainly to the rate of synthesis) and of degradation of the pre-existing protein pool (corresponding to the degradation rate) are measured using liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS). The ratio between the signal of the heavy peptide and the signal of the residual light peptide directly reflects protein turnover [2]. By applying this approach, the kinetics of each protein can be associated with its known function(s), thus expanding our knowledge of the relationships between protein expression, function, and turnover.



Primary cultures of cells are a powerful model to investigate several aspects of protein metabolism, among them protein turnover [13]. Cultures of human fibroblasts have been widely exploited as an in vitro system to investigate some pathophysiological mechanisms of disease, such as diabetes mellitus [14,15,16,17], particularly those associated with the development of diabetic complications [18,19,20]. Diabetic nephropathy (DN) is a leading cause of morbidity and mortality in diabetes [21]. Both genetic and environmental factors are associated with the development of diabetic nephropathy, particularly in type 1 diabetes mellitus (T1DM) [22]. As a matter of fact, genetic factors may either convey the risk of, or protect from, diabetic nephropathy [23]. Their expression profiles in skin fibroblasts from type 1 diabetic patients, could reflect genetic influences; therefore, they were removed from in vivo environmental influences [24].



Our laboratories have established and largely exploited the model of primary cultures of human skin fibroblasts as a tool to study protein expression in type 1 diabetes [20,25,26]. In this study, we describe the application of a dynamic-SILAC approach to primary human fibroblasts derived from diabetic subjects with and without diabetic nephropathy with the purpose of extensively characterizing the dynamics and the abundance of the proteins and, whenever possible, deriving meaningful information regarding the energetic factors underlying the relationship between stability and protein abundance in this cellular model.




2. Results


2.1. Dynamic-SILAC Experiment and Determination of prOtein Half-Lives


To accurately estimate protein half-life in a model of diabetic nephropathy, we applied a dynamic-SILAC approach to fibroblasts obtained from 10 type 1 diabetic patients, 5 of whom were affected by diabetic nephropathy. Cells were cultured as described in Section 4, and the dynamic-SILAC experiment was performed in steady-state conditions, when cells were at confluence. To verify that no evident morphological changes occurred during the timeframe of the experiment, we regularly checked cell morphology and counted viable cells. Results for an exemplifying subject are reported in Table 1.



The proteomic workflow adopted to estimate individual protein turnover rates is described in Figure 1. On average, 1287 proteins were confidently identified and quantified in each of the 10 subjects, with a standard deviation SD equal to 86 (more details about the number of identified proteins in each sample are reported in Supplementary Table S1). As described in the experimental procedures, to increase the robustness of the estimate of the turnover constant k, we decided to consider only those proteins that were quantified at 24 h and at least one out of the other two time points. After filtering, a total of 1661 different proteins from the 10 subjects were considered for the parameter k estimate.



As specified in Section 4, protein quantification was obtained by the software as the median value of the quantification of all unique peptides belonging to each protein. For these proteins, a model of technical variability was derived from peptide measurements using these latter as replicated protein measurements (see Section 4). As shown in Figure 2, neither the standard deviation (SD, empty circles) nor the coefficient of variation (CV, solid circles) are constant; the former increases, whereas the latter decreases with the average of the heavy to light ratio (H/L).



Therefore, we excluded a constant SD and constant CV model for our data and adopted the following model describing the SD as a function of H/L ratio r:


  SD =    α 2  +  β 2  ·  r 2     



(1)




where α and β are constants fixed at the values of 0.02 and 0.1, respectively. The fit of the model of technical variability is shown in Figure 2.



The rate constant parameter k of the 1661 proteins in our dataset was identified by fitting the H/L ratio r data across time (see details in Section 4), using the least square method weighted accordingly to the model of technical variability (Equation (1)). To assess the goodness of fit, we considered the CV of the parameter estimate, whose distribution is shown in Figure 3.



From the distribution plot, it is clear that for a vast majority of proteins, the parameter k was estimated with very good precision, i.e., with a CV lower than 15%. A total of 1642 different proteins across all subjects (on average, 935 proteins for each subject, with a standard deviation SD equal to 119) showed a CV of the parameter estimate lower than 50% and were retained for further analysis (Table S2).



Figure 4 shows the average half-life distribution of the 1642 analyzed proteins, where the half-life T1/2 is computed as log2/k. Considering only the proteins for which a reliable estimate of k could be obtained in at least 2 out of 10 samples (in total 1338 proteins), the distribution of the mean values of T1/2 ranges between 3 and 573 h, being on average equal to 59.9 h (Table S3). Note that the protein with the highest T1/2 is keratin 5, probably a contaminant protein that could be filtered out of the dataset. In this case, the highest T1/2 would be 477 h.




2.2. Protein Turnover in Diabetic-Controls vs. Diabetic-Nephropathic Subjects


After evaluating the normal distribution of data (Saphiro-Wilk test at 0.05 level), a t-test was performed on the T1/2 value of 974 proteins, for which k was estimated in at least two subjects for each group, i.e., diabetic-controls vs. diabetic-nephropathic subjects. For 20 proteins a p-value ≤ 0.05 was found (Table 2), although it was not significant after correction for multiple testing. Probably the high variability of the data, mainly linked to the biological variability of the human subjects, together with the low numerosity of the dataset, does not allow for significant p-values after correction.



Gene set enrichment analysis was also performed to assess pathways associated with the two phenotypes. The 29 Reactome pathways [27,28] were found to be significantly associated with diabetic nephropathic subjects in terms of increased protein half-life with respect to diabetic controls. These are reported in Table S4 and discussed later in the text.




2.3. Protein Quantification in Diabetic-Controls vs. Diabetic-Nephropathic Subjects


Protein abundance relative quantification was performed on a total of 2226 different proteins across 10 subjects (Table S5). To note that protein half-life could be reliably assessed for 1664 proteins, since for the estimate of k we decided to use data associated with proteins identified at least at two temporal points, one of which was set to be 24 h. This limitation does not apply for the estimate of protein abundance, which therefore led to the quantification of a higher number of proteins. Abundance levels in the three time points indirectly confirmed the steady state hypothesis. Indeed, for each protein, the variance across different time points tends to be equal to or lower than the technical variation, measured as the variance observed across peptides matching the same protein in the same sample (Figure 5). Here it is clear that protein abundance does not significantly vary across the three time points, thus indicating that a steady state can be confidently assumed.



After confirming the normal distribution of data (Saphiro-Wilk test at 0.05 level), a t-test was performed on 1299 proteins, for which the relative abundance was measured on at least two subjects for each group, i.e., diabetic-controls vs. diabetic-nephropathic subjects (Table S5). For 40 proteins a p-value ≤ 0.05 was found (Table 3), although it was not significant after correction for multiple testing.




2.4. Characterization of Proteins with Similar Half-Life and Abundance


Given the large range of protein half-lives spanning between 3 and 573 h (Figure 4 andTable S3), downstream analysis was performed to acquire further information on the proteins characterized by a similar range of half-lives and abundance. Considering that only a few proteins showed a significant change in protein half-life between diabetic controls and nephropathic subjects (Table 2), we decided to use the average value of k calculated on all 10 subjects to cluster proteins that consistently show half-life within arbitrarily predefined intervals. These groups of proteins were analyzed for their interactions and functional enrichment using STRING v. 11.0, DAVID v. 6.7, and Revigo. Results were filtered to keep only significant enriched terms with a minimum of 4 counts and a p value < 0.001. The results in their full form are reported in Table S6 and graphically displayed in Figure S1. A concise summary of this analysis is also presented in Table 4, which reports the considered half-life intervals, the number of proteins falling in each interval, and their functional characterization.



According to this analysis, the most stable proteins (with T1/2 > 80 h) are those involved in energy metabolism, cellular respiration, chromatin organization, and DNA packaging, while the proteins characterized by a higher turnover (i.e., those with T1/2 < 30 h) are mainly secreted proteins such as collagens and proteins involved in extracellular matrix organization.



A similar analysis was also performed using the protein abundance calculated from the overall protein expression data. The range was divided into arbitrarily pre-defined intervals to cluster proteins with similar abundance. Since only a limited number of proteins show a significantly different abundance between diabetic controls and nephropathic subjects (Table 3), we decided to average the values of all subjects, keeping only the proteins for which an estimate could be obtained for at least 2 out of 10 patients. Figure 6 shows that our estimation of protein expression data for 1801 proteins spans four orders of magnitude.



This range was divided into 8 intervals, and proteins clustered in each interval were analyzed for their interactions and functional enrichment using STRING v. 11.0, DAVID v. 6.7, and Revigo. Results were filtered to keep only significant enriched terms with a minimum of 4 counts and a p value < 0.001. The complete results are reported in Table S7 and graphically displayed in Figure S2. A summary of this analysis is reported in Table 5, where Log2 abundance intervals, the number of proteins falling in each interval, and their functional characterization are listed.



In general, when plotting average protein abundance vs. average protein turnover rate k (Figure 7, left upper and lower panels) or, alternatively, average relative protein abundance vs. average protein half-life (Figure 7, right upper and lower panels), several clusters of proteins can be easily identified. Based on pre-defined intervals, similar to those used in the preview analyses, it is possible to distinguish four main groups of proteins: (1) proteins with low turnover rate (long half-life) and high abundance (in red in Figure 7); (2) proteins with high turnover rate (short half-life) and high abundance (in blue); (3) proteins with high turnover rate (short half-life) and low abundance (in green); and finally (4) proteins with low turnover rate (long half-life) and low abundance (in pink).



The proteins belonging to each of these groups were analyzed with STRING to highlight possible interactions and functional enrichment. The results, graphically displayed in Figure S3 and detailed in Table S8, show that the first group is particularly enriched for cytoskeletal proteins, proteins involved in chromatin organization, and proteins related to energy production. The second group involves mainly proteins related to extracellular matrix organization, cellular response to stress, metabolism of mRNA, and vesicle mediated transport. The third group is enriched for secreted proteins and proteins involved in RNA splicing, membrane trafficking, and the cell cycle. Finally, to the fourth group belong mainly proteins involved in the metabolism of proteins, hydrocarbons, and lipids.





3. Discussion


In this work, we quantified protein turnover using in vitro cultured fibroblast cells harvested from ten diabetic subjects, five of whom had nephropathy.



We performed a dynamic SILAC experiment on the cultured fibroblasts that had reached confluence. At time T = 0, the regular culture medium was replaced with a medium containing the heavy amino acid 13C6 Lysine, and cells were sampled at 4, 7.5, and 24 h (Figure 1). During the entire duration of the experiment, cells were regularly checked, and no significant changes in their number or morphology could be detected (Table 1). Cells were lysed, proteins were subjected to SDS-PAGE to reduce sample complexity, and in-gel digestion was performed with the protease LysC. The choice of using only labeled lysine and not also labeled arginine, as it is usually done in SILAC experiments, was made to avoid any problem that could arise from the possible arginine-to-proline metabolic conversion [29,30,31] and that could therefore affect the estimate of turnover rate. The use of LysC as a digesting enzyme yields a lower number of protein identifications with respect to the classical digestion with trypsin, since less and larger peptides are generated. However, we preferred to acquire more robust data at the expense of a smaller dataset. In total, we performed 300 nLC-MS/MS analyses. SILAC H/L ratios at different times were used to estimate the turnover parameter k by using weighted least squares (as detailed in Section 4). The CV of the parameter estimate, used to assess the goodness of fit, was lower than 15% in the vast majority of cases, thus confirming that the adopted model is adequate to describe the data (Figure 3). With this strategy, we were able to confidently estimate the turnover parameter k (and therefore the half-life) for 1642 different proteins, generating a high-quality dataset of protein turnover rate from human fibroblasts isolated from type 1 diabetic patients (Table S2).



3.1. Proteins with a Significantly Different Turnover in Nephropathic Subjects


On the 974 proteins for which k was estimated in at least two subjects for each group, we could perform a t-test to highlight proteins with a significant (p ≤ 0.05) different turnover rate between diabetic and nephropathic subjects. Only the 20 proteins listed in Table 2 turned out to have half-lives different in the two groups. By looking at the reported data, it is evident that all proteins except one (namely TOP2B) are characterized by longer half-lives in nephropathic subjects with respect to the diabetic controls. A screening of the literature reveals that almost all proteins listed in Table 2 have been reported to be implicated in nephropathy, often of diabetic origin.



3.1.1. Mesangial Proteins


The Rab family of small G proteins plays important roles in mediating vesicular membrane trafficking in eukaryotic cells [32,33], and more than 60 mammalian Rab proteins have been identified and characterized.



Rab13 and its effector protein, JRAB/MICAL-L2, are involved in the transport of the cell adhesion molecules occludin and claudins to the tight junctional area in epithelial cells [34,35]. Rab13 was identified in a gene expression profiling study to be altered in a population of macrophages from nephritic NZB/W mice [36].



Knocking-down or overexpressing Rab23 affected the expression of collagen in cultured mesangial cells, thus suggesting that Rab23 may be overexpressed in FSGS mice to suppress hedgehog signaling and/or influence collagen synthesis [37]. A proteomic study conducted on mesangial cells points to the possible involvement of Rab23 in a variety of cellular events, such as gene expression, signaling, protein synthesis, organ and tissue morphology, cellular movement, and contraction function [38].




3.1.2. Chaperone and Cytoskeleton Proteins


In this study, we identified TCP1 and CCT8 as proteins with an altered turnover rate in nephropathic subjects. The chaperonin-containing T-complex (TRiC/CCT complex) is a chaperone machinery that assists the folding of dozens of proteins, in particular those that appear to be slow-folding and aggregation-prone [39]. However, this complex has been known for a long time to fold actin and tubulin [40,41,42] and evidence suggests that disruptions of actin dynamics result in altered cytoskeletal organization [43]. Interestingly, TRiC/CCT was also identified in our Gene Set Enrichment Analysis as one of the major Reactome Pathways to be affected in our model of diabetic nephropathy (Table S4). It has been reported that the beta subunit of the complex may play a central role in mesangial cell hypo-contractility in diabetic nephropathy [44], while both CCT2 and CCT8 were found to be significantly altered in exosomes derived from primary human proximal tubular epithelial cells (PTEC) under diseased conditions [45].



Actin and tubulin are the major components of the cytoskeletal structure. A disassembly of the actin cytoskeleton and marked alterations of beta tubulin, a major component of microtubules, represent prominent features of DN [46,47]. Modifications of chaperone-like proteins have been previously detected in cultured fibroblasts from T1DM subjects with nephropathy, and they may be patho-physiologically related to the development of diabetic renal disease [20,48]. Changes in the cytoskeleton are key alterations in the pathophysiology of DN: substantial differences in cytoskeletal and cytoskeleton-related protein expression were found between normal subjects and T1DM patients with DN but not with T1DM patients without DN [20], suggesting that nephropathy, and not diabetes per se, was associated with the observed changes.




3.1.3. Proteins Associated to Hydrogen Sulfide (H2S) Metabolism


Just like other gaseous compounds, such as nitric oxide (NO) and carbon monoxide (CO), H2S is known to act as a signaling molecule [49,50] and modulate a vast array of biological functions [51]. The conversion of hydrogen sulfide to thiosulfate and sulfane is catalyzed by the mitochondrial protein sulfide quinone oxidoreductase (SQRDL or SQOR) with the help of a quinone, usually ubiquinone [52].



Ubiquinone (also known as Coenzyme Q10 or CoQ10) is involved in several processes (primarily the electron transport chain) and functions as a cofactor for several enzymes, among them the SQRDL protein. CoQ10 deficiency is the cause of several human diseases, and mutations in the COQ8B gene result mainly in the disruption of kidney function, causing a steroid-resistant nephrotic syndrome [53]. Interestingly, H2S oxidation impairment causes CoQ10 associated nephrotic syndrome, a chronic kidney disease related to CoQ10 deficiency, and it has been shown that reduced SQOR levels lead to increased ROS production, thus contributing to oxidative stress in conditions of CoQ deficiency [54]. Our data show a strong increase in SQOR half-life in nephropathic subjects (123.6 h) with respect to the diabetic controls (74.6 h); however, the physiological significance of such a finding is difficult to grasp. On one hand, it may indicate a reduced enzyme efficiency and a higher oxidative stress. On the other hand, longer enzyme survival could instead determine a decrease in the H2S levels and a reduced oxidative stress. Therefore, the increased half-life of this enzyme in the cultured fibroblasts from T1DM subjects with nephropathy could be interpreted as an attempt to activate a protective mechanism through a reduction of oxidative stress, inflammation, mesangial cell proliferation, and an inhibition of the renin-angiotensin system activity [55,56,57].




3.1.4. Proteins Involved in Translation and Kidney Hypertrophy


Kidney hypertrophy and matrix accumulation are associated with the development of long-term complications of diabetes [58], and translation has been reported to represent a potential biomarker for the prognosis of kidney disease [59].



We identified three subunits of the eIF4F complex (EIF4A1, EIF4G1, and EIF4H) and the PABPC1 protein, all of which had a turnover rate ≈20% greater in the nephropathic than in control subjects (Table 2). EIF4A is an ATP-dependent RNA helicase with low activity. However, the ATPase and helicase activities are strongly stimulated when EIF4A is in complex with eIF4G, eIF4E, eIF4B, and eIF4H [60].



Interestingly, accumulating evidence has highlighted a central role for translation in hypertrophy in models of diabetic nephropathy, both in vivo and in vitro [61,62]. Moreover, EIF4F has been reported to be a potential biomarker for membranous nephropathy prognosis [63], and PABPC1 is listed among the proteins associated with kidney diseases from the curated CTD Gene-Disease Associations dataset (http://ctdbase.org/detail.go?type=disease&acc=MESH:D007674 accessed on 1 July 2022).




3.1.5. Other Proteins with Altered Turnover Rate


Glutathione S-transferase Mu 5 protein (GSTM5) exhibits an almost doubled half-life in the nephropathic vs. the non-nephropathic T1DM subjects (Table 2). Little has been reported in the literature regarding the possible association between this protein and the development or progression of diabetic nephropathy, although other members of the same protein family have been reported as putative biomarkers of diabetic nephropathy [64,65].



The half-life of Heterogeneous Nuclear Ribonucleoprotein F (HNRNPF) in nephropathic subjects is about 30% greater than that in non-nephropathic subjects (Table 2). Very interestingly, this protein is known to exert a protective role against oxidative stress and to attenuate nephropathy progression in diabetic mice and possibly in human kidneys via stimulation of Sirtuin-1 expression [66]. Therefore, the reduced turnover rate might be explained as an attempt to mitigate and counteract the adverse effects of nephropathy. Moreover, HNRNPF has been suggested to be a potential target for the treatment of hypertension and kidney injury in diabetes [67,68].



The transferrin receptor (TFRC) also shows an increased half-life in nephropathic subjects. An altered expression of TFRC has been detected on mesangial cells in IgA nephropathy [69,70], and recently the TFRC gene was reported to be downregulated in tubules of samples derived from patients affected by chronic kidney diseases [71].



Caprin-1 is an ubiquitous protein highly expressed in dividing cells [72]. The Caprin-1 gene has been found to be downregulated in B2R knockout (B2R−/−) mice, a mouse model of diabetic nephropathy [73].



The Proliferation-associated protein 2G4 (PA2G4) and the topoisomerase DNA II beta (TOP2B) genes were found to be downregulated in the obstructive nephropathy of PAI-1–overexpressing mice [74]. PA2G4 was also evaluated as a potential biomarker in the serum of type 1 diabetes patients [75].



The ATP-Citrate Lyase (ACLY), the enzyme that converts citrate to acetyl-CoA, shows an increased half-life of about 25% in nephropathic subjects with respect to the diabetic controls. Interestingly, very recently, ACLY has been reported as a critical epigenetic regulator that promotes renal injury in obesity and type 2 diabetes [76,77], while other researchers have used two independent mouse models of kidney fibrosis to demonstrate that the AKT-dependent modulation of this enzyme is involved in kidney fibrogenesis and ECM deposition [78].




3.1.6. GSEA Reveals That Proteasomal Proteins Have Longer Half-Lives in Nephropathic Subjects


Although only 20 proteins show a significant difference in protein turnover rate between diabetic controls and nephropathic subjects, GSEA highlighted a number of Reactome Pathways that are significantly different (FDR q-value < 0.05) in the two groups of patients. In particular, the proteins belonging to the pathways, identified and reported in Table S4, show an increased half-life in in all nephropathic subjects. A scrutiny of the GSEA output highlights that a large part of the proteins that contribute to the significant pathways belong to the proteasomal complex.



The ubiquitin proteasome system (UPS) plays a central role in the pathogenesis and progression of various diseases, among which is diabetic nephropathy [79,80]. The UPS is predominantly involved in protein homeostasis through the ubiquitination and proteasomal degradation of proteins. However, ubiquitination is not only involved in proteasome degradation, but also regulates the participation of substrate proteins in a variety of cell signaling pathways [80]. Proteasome inhibition has been shown to attenuate diabetic nephropathy [81] and have a protective effect against renal dysfunction [82,83]. Moreover, the deletion of the proteasome activator genes, PA28α and PA28β, resulted in protection against renal injury and retinal microvascular injury in diabetic mouse models [84]. Other researchers reported that an increased level of ROS induced by hyperglycemia covalently modifies the 20S proteasome subunits, thus decreasing its activity in the diabetic kidney [85]. Moreover, proteasome inhibitors improve renal fibrosis in rats with obstructive nephropathy [86], reduce collagen production, proliferation, and inflammation in nasal fibroblasts [87], and seem to be effective for the treatment of nephropathy [88]. Therefore, our data showing an increased half-life for a high number of proteasomal proteins in nephropathic subjects corroborates data already reported in the literature and suggests that the UPS could be a potential target for treatment of diabetic nephropathy.





3.2. Proteins with Different Abundance in Nephropathic Subjects


Our analysis led to the identification of 40 proteins with a significantly different abundance in diabetic controls vs. nephropathic subjects (Table 3). Most of these proteins were already reported as related to DN and are listed among the proteins associated with kidney diseases in the CTD Gene-Disease Associations dataset. For example, the GLI pathogenesis-related 2 has a fold change of -1.8 in our dataset; curiously, it has been reported that GLIPR-2 is elevated in the kidneys of patients affected by DN [89] and that miR-30e targeting GLIPR-2 is downregulated in DN, while its overexpression inhibits GLIPR-2, thus protecting from renal fibrosis in DN [90]. The fact that we found the protein to have a lower abundance in DN with respect to the diabetic controls seems, therefore, to be in contrast with the previous observations. However, it is worth noting that GLIPR-2 was found to be elevated in nephropathic kidneys with respect to normal kidneys, while we observed a reduction with respect to diabetic subjects.



We identified three members of the SLC25A family (the phosphate carrier SCL25A3, and the adenine nucleotide translocators SLC25A5 and SLCA25A6), all of them with a reduced abundance in nephropathic subjects. SCL25A3 was found to be differentially expressed in sclerosis-prone ROP-Os/+ and sclerosis resistant C57-Os/+ mouse kidneys [91], and both SLC25A5 and SLCA25A6 genes are reported to be modulated in type 2 diabetic patients with end-stage renal disease [92]. Interestingly, other 3 proteins (NDUFB10, SDHB and COX4I1) known to be functionally related to the SLC25 complex were identified with a lower abundance in nephropathic subjects, and with a fold change very similar to that found in the SCL25 proteins. Moreover, other three proteins that function generally in the processes of electron transport (NQO1, CYB5A, and QDPR) were also found to have decreased abundance in DN patients. The quinoid dihydropteridine reductase (QDPR) has been suggested to be an important modulator of diabetic nephropathy through the regulation of the TGF-β1/Smad3 signaling pathway [93] and to play an important role as a protective factor against oxidative stress [94], while NQO1 polymorphism has been recently associated with the risk of diabetic nephropathy [95]. Altogether, these data suggest a possible impairment of general electron transfer activity—in particular in the mitochondria—in nephropathic subjects, in agreement with data reported in the literature [96,97].



Three members of the tubulin family (namely TUBB4A, TUBB4B, and TUBA1C) show an increased abundance, in agreement with previous data that demonstrated that tubulins are strongly modulated in nephropathic subjects [20]. Moreover, other cytoskeletal proteins and cytoskeletal-regulating proteins with different abundances were identified in our study, namely SYNE1, CAPNS1, MTPN, MYO1B, and RRAS. Microarray studies have highlighted CAPNS1 as being modulated in membranous nephropathy [63] and in immunoglobulin A nephropathy [98], while other studies have reported the importance of miR-375 (for which myotrophin MTPN is a target) for glucose homeostasis and as a potential biomarker in type 2 diabetes [99,100]. Finally, both SYNE1 and MYO1B have been described as related to diabetic nephropathy before [101,102,103].



Although, to the best of our knowledge, not much is known about a possible role of the DNA repair proteins, XRCC5 and XRCC6, in the context of diabetic nephropathy. Recently an association between other members of the same protein family (XRCC1 and XRCC3) and diabetic nephropathy has been suggested [104].



We also identified two proteasomal proteins (PSMA7 and PSMB2), with some other functional related proteins (RPS3, RPS3A, and EEF1B2), all of them with a lower abundance in nephropathic subjects. The role of proteasomal proteins in the context of nephropathy was discussed above (paragraph 3.1.6). Interestingly, RPS3 was described to be associated with diabetic nephropathy [92], while RPS3A was also reported to have an increased expression in membranous nephropathic kidneys [105].



Galectin-3 (LGALS3) is upregulated under diabetic conditions, providing protection toward tissue injury induced by advanced glycation end-products (AGEs) [106]. It has been considered as a possible therapeutic target for prevention and treatment of diabetes and its complications [107]. In our analysis, LGALS3 has a reduced abundance in nephropathic subjects, suggesting a possible lack of a protective effect in this group of patients. On the other hand, we found SerpinB2 to be more abundant in nephropathic subjects. Interestingly, reduced levels of SerpinB2 have been associated with the delayed development of diabetic nephropathy [108].



Other proteins found with an altered abundance in our study and known to be related to diabetic nephropathy are CTSD, FHL2, and Sec31A. This latter was associated with DN [109] and is involved in the inhibition of nerve regeneration in diabetic neuropathy [110]. CTSD expression was found to be altered in the renal tubular epithelium in patients with DN [111], and very recently, a urinary proteomic study conducted on a large cohort of type 1 diabetic subjects identified cathepsin D as a promising biomarker of rapid eGFR (estimated glomerular filtration rate) decline, which reflects kidney injury [112]. FLH2, a protein implicated in Wnt/β-catenin signaling, plays a crucial role in albuminuria and has been indicated as a potential therapeutic target against diabetic kidney damage and fibrotic kidney disease [113,114]. Finally, we found a member of the MAPK family, namely MAPK14, with a reduced abundance in nephropathic subjects with respect to diabetic controls. In agreement with our data, the implication of MAPK signaling in the development and progression of diabetic nephropathy has been amply documented [115,116].




3.3. Proteins with Similar Half-Life and Abundance Are Functionally Related


The data synthetically summarized in Table 4 and fully displayed in Table S6 and Figure S1 highlight the notion that proteins with similar half-lives are also very often functionally related. To perform this analysis, proteins were divided into 9 arbitrary groups based on their estimated half-lives, and the enrichment of gene ontology terms was assessed using the bioinformatic tools specified in Section 4. What emerges from this analysis did not come entirely as a surprise, since our data reveal that the most stable proteins (i.e., those with T1/2 > 70 h) are mainly mitochondrial, nuclear, and cytoskeletal proteins involved in energy metabolism, cellular respiration, structural functions, protein folding, translation, chromatin organization, and DNA packaging. All these basic and very important biological functions rely on proteins that are also characterized by a medium-to-high abundance (Table 5, Table S7 and Figure S2), and therefore their rapid turnover would require a very high energy consumption. In other words, the cell invests lots of energy in the synthesis of these proteins, and therefore their half-lives are conveniently long. On the other hand, if cells need to modulate the abundance of these proteins (either increasing or decreasing it) the adjustment to the new conditions cannot be obtained in a short time, therefore requiring a longer adaptation.



Proteins characterized by shorter half-lives (between 60 and 70 h) are mainly ribosomal and proteasomal, proteins related to RNA metabolism and to Ras signal transduction. Half-lives in the range 50–60 h are typical of proteins related to cell cycle, vesicle mediated transport, and actin cytoskeletal organization, while in the range 30–50 h fall predominantly proteins involved in mRNA processing, in small GTPase mediated signal transduction and Golgi vesicle transport. Finally, it was not completely surprising to identify mainly secreted proteins and proteins involved in extracellular matrix organization among those characterized by a higher turnover rate (i.e., those with T1/2 < 30 h). Indeed, for the category of secreted proteins, our estimated half-life is given by the contribution of two different processes: the turnover rate and the rate of secretion. Since we only measured intracellular proteins, we cannot distinguish between these two processes, although the particularly short half-life of these proteins suggests that the rate of secretion is probably much faster than the intracellular turnover rate. Regarding this aspect, it is interesting to note that collagens have estimated half-lives that are generally shorter (although not statistically significant) in nephropathic subjects with respect to diabetic controls. This might reflect the notion that nephropathic conditions are characterized by increased matrix accumulation [58].



To further confirm, as already reported by others [13,117], that proteins involved in common biological processes tend to have similar turnover rates, we compared the half-lives of a number of proteins that are subunits of specific, well-characterized macromolecular complexes. Some examples of this analysis are reported in Figure 8, where the half-lives of proteasomal alpha subunits, subunits of the coatomer and of the chaperone protein TCP1 complex, and ribosomal subunits of the 40S complex are shown.



It is evident that proteins belonging to the same functional complex have very similar estimated half-lives, with the remarkable exception of proteins RPS27A and RPS27 of the 40S ribosomal complex, which show a much faster turnover rate as compared to almost all the other subunits. Interestingly, the RPS27A gene codes for a single copy of ubiquitin fused to the ribosomal protein S27a; therefore, it is post-translationally regulated, and its turnover rate might therefore be strongly influenced by this process. RPS27 is a ribosomal protein with extra-ribosomal functions: it has been reported as involved in DNA repair, transcription, and signal transduction [118,119], and for these unique features, it is conceivable that its turnover rate is regulated independently of the other ribosomal subunits. To rule out the possibility that the constant trend visible in Figure 8 might be due to a fortunate coincidence, we compared the distribution of half-lives of the subunits of each complex with the distribution of 10 populations randomly generated starting from the same dataset and using the same number of proteins. The selection of the populations was performed automatically using the “Random” function of Excel. As shown in Figure 9, it is evident that in all cases the pattern relative to the randomly selected proteins is much more scattered compared to the behavior of the proteins belonging to some complex, indicating that the similar turnover rate estimated for subunits belonging to the same complex reflects a true cellular regulation.



Similarly to what we did for the categorization of proteins with comparable turnover rate, we decided to group proteins based on their relative protein abundance. To this purpose, the abundance range was divided in arbitrarily pre-defined intervals, and GO-enriched terms were assessed for each cluster. Table 5 summarizes the results of this analysis (for more detailed results, see Table S6 and Figure S2), which show that the most abundant proteins are those related to DNA packaging, cytoskeletal organization, translation, RNA metabolism, and energy production. Protein folding and vesicle-mediated transport are mainly associated with proteins with an average medium/high abundance, while terms related to nucleotide metabolism, RNA splicing, cellular respiration, and the cell cycle are particularly enriched among proteins with a medium/low abundance. Finally, proteins characterized by low abundance are mainly related to the TCA cycle, mRNA and protein transport, nucleotide biosynthesis, and redox processes.



When protein half-lives are plotted as a function of abundance (Figure 7), some particularly interesting clusters of proteins emerge. Not surprisingly, proteins with both a long half-life and high abundance (in red in Figure 7) belong mainly to the category of structural proteins and proteins related to very basic and important cellular functions such as chromatin organization and energy production. Proteins with a short half-life and high abundance (in blue in Figure 7) require a particularly high energy consumption to be maintained and are mainly involved in extracellular matrix organization, cellular response to stress, metabolism of mRNA, and vesicle-mediated transport. Note that, as discussed above, extracellular matrix proteins are probably in this category (i.e., short half-life) only because we cannot distinguish between turnover rate and secretion rate. Beside proteins that are secreted, proteins with a short half-life and low abundance (in green in Figure 7) are mainly involved in RNA splicing, membrane trafficking, and the cell cycle. It is worth noting that the concentration of these proteins can be rapidly increased in case of need by simply limiting their degradation rate, leading to their fast accumulation. Finally, proteins with a long half-life and low abundance (in pink in Figure 7) are involved in the metabolism of proteins, hydrocarbons, and lipids. The cell does not require many copies of these proteins, but nevertheless they are involved in basic cellular functions and appear, therefore, particularly stable.



We must finally highlight that it is difficult to compare our results with similar data previously published by other research groups. For instance, when comparing the average protein half-lives obtained in this study across 10 subjects with those reported in the seminal work of Schwanhausser et al. on a single sample [9], it appears that the half-life that we estimate tends to be consistently lower, although the order of magnitude is pretty similar. These differences can be attributed to several reasons. First of all, we used patient-derived primary fibroblasts, whereas murine fibroblasts were used in [9], and moreover, we considered cells at confluence, whereas in Schwanhausser et al., the total protein abundance is assumed to double during the duration of one cell cycle. Another important difference is that the last time-point measured in our experiment is 24 h vs. 13.5 h in Schwanhausser et al. Given that the ratio r of proteins labeled with heavy and light amino acids increases slowly for high half-life proteins, having late time points in the experimental set-up should guarantee a better estimate of k for these kinds of proteins. Finally, while in Schwanhausser et al., a simple least square estimation is used, here a weighted least square estimate of parameter k was adopted.



A more reasonable comparison can be made with the data reported by Welle et al. [120], where protein turnover rate is estimated in immortalized human fibroblasts. Although both the analytical approach (classical dynamic-SILAC vs. a hyperplexing strategy) and the cellular model (patient-derived primary fibroblasts vs. immortalized fibroblasts) are not identical, the half-lives we estimated appear to be in good agreement with the data they have published (same average value of k and a correlation coefficient >0.6), thus further supporting the reliability of our dataset.





4. Materials and Methods


4.1. Patients’ Selection and Enrolment


We sought to quantify protein turnover in unperturbed fibroblast cells in a population of 10 diabetic subjects, five of whom had nephropathy. Five Caucasian T1DM patients with DN (i.e., with a urinary albumin excretion rate (AER) >200 mg/min in sterile urine, not associated with other proteinuric diseases) and five T1DM patients without DN (AER <20 mg/min) were recruited. The aims of the study were explained in detail, and each subject gave informed consent to the study. The protocol had been approved by the Ethical Committee of the Medical Faculty at the University of Padova and was performed according to the Helsinki Declaration (1983 revision).



The patients’ characteristics are reported in detail elsewhere [20]. Age (means: 36–39 yrs), male/female ratio (2/3), body mass index (BMI) (means: 22–24 kg/m2), diabetes duration (≈20 yrs), and glycated hemoglobin levels (means: 9–11%) were not different between the two groups of diabetic subjects. Their albumin excretion rate (AER) was determined on three timed overnight urine collections, by a turbidimetric method (Turbiquant Albumin, Dade Behring, Marburg, Germany), and the median value was used for DN classification. The mean blood pressure was calculated as diastolic blood pressure plus one-third systolic (i.e., pulse) pressure. All drugs were suspended the day before the study.




4.2. Cell Collection and Culture


The fibroblasts were obtained by skin biopsies as described in detail elsewhere [25]. The skin explants were incubated at 37 °C after addition of HAM’S F-10 Nutrient Mixture medium (Sigma Aldrich, St. Louis, MO, USA) supplemented with 20% foetal bovine serum (FBS Sigma Aldrich), 1 mM glutamine, (Sigma Aldrich), 100 U/mL penicillin and 100 µg/mL streptomycin (Sigma Aldrich). The growth medium was changed every 3–4 days. Usually, the fibroblasts became visible after 4–5 days of culture, and they reached the confluence after about 3 weeks. Thereafter, the culture medium was aspirated, and cells were washed three times with PBS. The fibroblasts were recovered by adding 0.05% trypsin and 0.02% EDTA (Sigma-Aldrich), transferred into 75 cm2 flasks and cultured with the culture medium containing 10% FBS. After the third passage, cells were frozen and kept in liquid nitrogen. Before each experiment, the fibroblasts were thawed and grown up to the 4th–5th passage.




4.3. Dynamic-SILAC Experiment, Sample Preparation and In-Gel Protein Digestion


For the dynamic SILAC experiment a custom-made Dulbecco’s Modified Eagles Medium (DMEM) without L-arginine, L-lysine, and L-glutamine (Athena Enzyme systems, Baltimore, MD, USA) was used after adding L-arginine, L-glutamine, and L-lysine (Sigma) or 13C6-Lysine (Cambridge Isotope Laboratories, Tewksbury, MA, USA), and 10% dialyzed foetal bovine serum (FBS, Invitrogen, Paisley, UK). To determine protein half-lives, a dynamic-SILAC approach was used. The fibroblasts were cultured in standard, light (L) DMEM medium until they reached confluence. Thereafter, the standard medium was removed, the cells were washed three times with 10 mL of phosphate-saline buffer (PBS, pH = 7.4, Sigma Aldrich), and the heavy medium (containing the13C6-Lysine) was added to the culture at time T = 0.



Cells were harvested at 4, 7.5, and 24 h, lysed by the addition of 70 μL of Tris-HCl 62.5 mM, pH 7.2, 1% SDS, and protease inhibitors (Protease Inhibitor Cocktails, Sigma Aldrich), and by repeated freeze-thaw cycles in liquid nitrogen. The samples were then centrifuged at 14,000 rpm for 15 min to remove cell debris, and the protein concentration in the supernatant was quantified by the Lowry method. Thereafter, 70 μg of total proteins for each time point and for each subject were loaded onto a 12% precast gel (NuPAGE, Invitrogen). The electrophoretic separation was performed by applying a constant voltage of 80 V for 30 min. Gel was then stained for 3 h with colloidal coomassie (SimplyBlue Safe Stain, Invitrogen) and then destained with water. Each gel lane was cut into five bands that were then subjected to in-gel enzymatic digestion with LysC protease (Promega, Madison, WI, USA) as described in [121].




4.4. LC-MS/MS Analysis


Each of the fractions obtained as specified above was analyzed by LC-MS/MS. Data were submitted for database search and quantification of SILAC H/L ratios. The analysis was conducted with a LTQ-Orbitrap XL mass spectrometer (Thermo Fisher Scientific) interfaced to a nano-HPLC Ultimate 3000 (Dionex—Thermo Fisher Scientific, Waltham, MA, USA). Samples were loaded into a 10 cm pico-frit capillary column (75 μm I.D., 15 μm tip, New Objective, Littleton, MA, USA) packed in-house with C18 material (Aeris peptide 3.6 um XB-C18, Phenomenex, Torrance, CA, USA), and peptides were separated by a linear gradient from 3% to 40% acetonitrile/0.1% formic acid in 40 min. The instrument operated in a Top4 data-dependent mode, with a full MS scan from 300 to 1700 Da acquired at high resolution (60,000) in the Orbitrap, followed by 4 MS/MS spectra of the most intense ions acquired in the linear trap.



To increase the number of identifications and robustness of quantification, each sample was analyzed twice. After the first round of analysis, all data files were searched against the human section of the Uniprot database (as specified below). All peptides that were identified with high confidence were used to create a static exclusion list that was then inserted into the instrument method. All samples were analyzed again under identical chromatographic and instrumental conditions, but with the application of the static exclusion list. The second round of analysis allows for an increase in the number of protein groups and unique peptides confidently identified, thus increasing the robustness of quantification. A series of representative Venn diagrams showing the performance of this analytical strategy are reported in Figure S4. In total, 300 LC-MS/MS analyses were performed (2 analyses for each of the five gel bands, for the three time points, and for the 10 patients).




4.5. Protein Identification and Quantification


All raw files generated in the study were analyzed with the software Proteome Discoverer (version 1.2, Thermo Fisher Scientific) interfaced to a Mascot server (version 2.2.4, Matrix Science, Chicago, IL, USA). The search was performed against the human section of the Uniprot Database (www.uniprot.org, accessed on 1 April 2013) using the MudPIT protocol. LysC was selected as the digesting enzyme, with up to one missed cleavage allowed. Precursor and fragment tolerances were set at 10 ppm and 0.6 Da, respectively. Carbamidomethyl cysteine was selected as a static modification, while methionine oxidation and 13C6-lysine were set as variable modifications. Data were filtered based on the search against a corresponding randomized database, and the false discovery rate (FDR) was calculated by the software. Only proteins identified with at least 2 unique peptides with high confidence (>99%) were considered positive hits. SILAC ratios were calculated by the software for each identified peptide, and peptides were grouped into protein families according to the principle of maximum parsimony. Protein quantification was calculated as the median value of the quantification of all peptides belonging to the same protein family. For each cell line, all the data obtained from the five gel bands, both with and without the application of the excluding list, were merged into a single msf output file. Msf files relative to the three time points for each cell line were finally merged into a single multi-report file.




4.6. Kinetic Analyses


As derived in the following equations, for constant incorporation rates, the logarithm of the SILAC H/L ratios increases linearly with time; therefore, protein half-lives can be obtained by properly fitting H/L rations measured at different time points. Five biological replicates were available for each group to assess statistical significance.



Proteins labeled with light amino acids (PL) are assumed to decay exponentially with the degradation rate constant k (Equation (2)).


   P L  =  P  T O T   ·  e  − k t      



(2)







Our experiment is conducted with cells at confluence and at constant volume. Under the hypothesis of steady state, i.e., PTOT, k and protein synthesis constant in time, no amino acid recycling, and assuming a mono-compartmental model, the protein labelled with heavy amino acids (PH) can be expressed as the difference between the total number of a specific protein (PTOT) and PL as in Equation (3).


   P H  =  P  T O T   −  P L  =  P  T O T   ·   1 −  e  − k t        



(3)







The rate constant of the protein decay k can then be obtained by fitting the model of the ratio r of protein labeled with heavy and light amino acids at different time points (Equation (4)).


  r =    P H     P L    =   1 −  e  − k t      e  − k t          



(4)







By taking the natural logarithm (ln), Equation (4) can be transformed into:


  ln   r + 1   = k t  



(5)







Proteins whose SILAC ratio was not available for the time of 24 h, and for at least one of the other time points (4 or 7.5 h), were filtered out. For the remaining proteins, the parameter k was identified by fitting the H/L ratio r data according to Equation (5), using the weighted least square method. Weights were calculated as the inverse of the variance of ln(r + 1) data, starting from Equation (1) and using the error propagation rules.



Equation (1) is a model of the technical variability of r derived from peptide measurements, using these latter as replicate protein measurements. In more detail, the standard deviation (SD) and the coefficient of variation (CV) of the H/L ratio r were calculated for each protein, for each subject, and for each time point. Measurements with CV% higher than 50% were excluded from downstream analysis. The range of r values were then divided into intervals of the same bin size (0.05) or containing at least 10 protein measurements, and, for each interval, the median of the SDs and the CVs was considered to fit a model of technical variability.



The goodness of fit was evaluated using the precision of parameter k estimates; parameters with coefficients of variation higher than 50% were considered unreliable.



Once k is determined, the protein half-life, i.e., the time required for the amount of the protein to fall to half its initial value if the synthesis is zero, can be calculated as:


   T  1 / 2   =   ln  2   k   



(6)








4.7. Protein Abundance


In parallel, we quantified the relative protein abundance using the sum of peak intensities of all peptides matching a specific protein divided by the number of observed peptides for that protein and by the total sum of peaks in each LC-MS/MS run [9]. Under the hypothesis of steady state, protein abundance levels were averaged across the three time points.




4.8. Bioinformatic and Statistical Analysis


A number of bioinformatic tools were used to assess whether proteins characterized by similar half-lives or abundance tend to share interacting partners and be associated with similar Gene Ontology (GO) terms. For this purpose, our datasets were analyzed with STRING v. 11.0 [122] to highlight physical/functional interactions among proteins and with David Bioinformatic Resources v. 6.7 [123,124] and Revigo [125] to underline and graphically visualize enriched GO terms associated with the different classes of proteins.



Gene set enrichment analysis (GSEA) was also performed on our data using MSigDB Canonical pathways gene set collection [126]. The GSEA was used to determine whether the members of a given gene set were associated with a group. If a gene set had a positive enrichment score, a significant number of its gene members had higher expression in one of the predefined groups, and the gene set was termed “enriched”. A 1000 random sample permutations were carried out, and the significance threshold was set at FDR < 0.05. All comparisons between groups were performed using the two-tailed Student t-test for unpaired data.





5. Conclusions


In this manuscript, we describe the application of a dynamic-SILAC approach to study the turnover rate and the relative abundance of proteins using a cellular model of diabetic nephropathy. Under the hypothesis of steady state, no amino acid recycling, and assuming a mono-compartmental model, we adopted a model describing the SD as a function of heavy to light ratio and estimated the parameter k using the least square method weighted accordingly to the model of technical variability. We could reliably estimate the turnover rate for more than 1600 proteins and the relative abundance for more than 2200 individual proteins. Several of these turned out to be significantly different in either half-life or abundance between nephropathic subjects and diabetic controls. Many of these proteins were already known to be related to diabetic complications and therefore represent possible biomarkers or therapeutic targets. However, beside the aspects strictly related to the pathological condition, the data collected in this study represent a reliable compendium of protein half-lives in human fibroblasts and a rich source of important information related to basic cell biology.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/ijms24032811/s1.





Author Contributions


Conceptualization, G.A. and P.T.; methodology, G.A., B.D.C. and G.M.T.; formal analysis, B.D.C.; investigation, L.P. and E.I.; resources, G.A., P.T. and G.M.T.; writing—original draft preparation, G.A.; writing—review and editing, G.A., B.D.C., P.T. and G.M.T.; visualization, G.A. and B.D.C.; supervision, G.A., P.T. and G.M.T.; project administration, P.T.; funding acquisition, G.A. and P.T. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the University of Padova, grant number CPDA101844.




Institutional Review Board Statement


The study was conducted in accordance with the Declaration of Helsinki, and approved by the Ethical Committee of Padova’s City and University Hospital (protocol code 1469P; date of approval: 25 October 2007).




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


The mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium via the PRIDE partner repository with the dataset identifier PXD038541.




Acknowledgments


The authors wish to thank Roberto Trevisan (Azienda Socio Sanitaria Territoriale Papa Giovanni XXIII, Bergamo, Italy) and Monica Vedovato (Department of Medicine, University of Padova, Italy) for their support in the collection of patient-derived biopsies.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Rozanova, S.; Barkovits, K.; Nikolov, M.; Schmidt, C.; Urlaub, H.; Marcus, K. Quantitative Mass Spectrometry-Based Proteomics: An Overview. Methods Mol. Biol. 2021, 2228, 85–116. [Google Scholar] [CrossRef] [PubMed]

	



Ross, A.B.; Langer, J.D.; Jovanovic, M. Proteome Turnover in the Spotlight: Approaches, Applications, and Perspectives. Mol. Cell Proteom. 2021, 20, 100016. [Google Scholar] [CrossRef] [PubMed]

	



Labbadia, J.; Morimoto, R.I. The biology of proteostasis in aging and disease. Annu. Rev. Biochem. 2015, 84, 435–464. [Google Scholar] [CrossRef] [PubMed]

	



Zheng, Q.; Huang, T.; Zhang, L.; Zhou, Y.; Luo, H.; Xu, H.; Wang, X. Dysregulation of Ubiquitin-Proteasome System in Neurodegenerative Diseases. Front. Aging Neurosci. 2016, 8, 303. [Google Scholar] [CrossRef]

	



Abu Ahmad, Y.; Oknin-Vaisman, A.; Bitman-Lotan, E.; Orian, A. From the Evasion of Degradation to Ubiquitin-Dependent Protein Stabilization. Cells. 2021, 10, 2374. [Google Scholar] [CrossRef]

	



Kaur, N.; Raja, R.; Ruiz-Velasco, A.; Liu, W. Cellular Protein Quality Control in Diabetic Cardiomyopathy: From Bench to Bedside. Front. Cardiovasc. Med. 2020, 7, 585309. [Google Scholar] [CrossRef]

	



Waterlow, J.C. Whole-body protein turnover in humans—Past, present, and future. Annu. Rev. Nutr. 1995, 15, 57–92. [Google Scholar] [CrossRef]

	



Doherty, M.K.; Hammond, D.E.; Clague, M.J.; Gaskell, S.J.; Beynon, R.J. Turnover of the human proteome: Determination of protein intracellular stability by dynamic SILAC. J. Proteome. Res. 2009, 8, 104–112. [Google Scholar] [CrossRef]

	



Schwanhäusser, B.; Busse, D.; Li, N.; Dittmar, G.; Schuchhardt, J.; Wolf, J.; Chen, W.; Selbach, M. Global quantification of mammalian gene expression control. Nature 2011, 473, 337–342, Erratum in Nature 2013, 495, 126–127. [Google Scholar] [CrossRef]

	



Fornasiero, E.F.; Mandad, S.; Wildhagen, H.; Alevra, M.; Rammner, B.; Keihani, S.; Opazo, F.; Urban, I.; Ischebeck, T.; Sakib, M.S.; et al. Precisely measured protein lifetimes in the mouse brain reveal differences across tissues and subcellular fractions. Nat. Commun. 2018, 9, 4230. [Google Scholar] [CrossRef]

	



McClatchy, D.B.; Martínez-Bartolomé, S.; Gao, Y.; Lavallée-Adam, M.; Yates, J.R., III. Quantitative analysis of global protein stability rates in tissues. Sci. Rep. 2020, 10, 15983. [Google Scholar] [CrossRef]

	



Ong, S.E.; Blagoev, B.; Kratchmarova, I.; Kristensen, D.B.; Steen, H.; Pandey, A.; Mann, M. Stable isotope labeling by amino acids in cell culture, SILAC, as a simple and accurate approach to expression proteomics. Mol. Cell Proteomics. 2002, 1, 376–386. [Google Scholar] [CrossRef]

	



Mathieson, T.; Franken, H.; Kosinski, J.; Kurzawa, N.; Zinn, N.; Sweetman, G.; Poeckel, D.; Ratnu, V.S.; Schramm, M.; Becher, I.; et al. Systematic analysis of protein turnover in primary cells. Nat. Commun. 2018, 9, 689. [Google Scholar] [CrossRef]

	



Lerman, O.Z.; Galiano, R.D.; Armour, M.; Levine, J.P.; Gurtner, G.C. Cellular dysfunction in the diabetic fibroblast: Impairment in migration, vascular endothelial growth factor production, and response to hypoxia. Am. J. Pathol. 2003, 162, 303–315. [Google Scholar] [CrossRef]

	



Brem, H.; Golinko, M.S.; Stojadinovic, O.; Kodra, A.; Diegelmann, R.F.; Vukelic, S.; Entero, H.; Coppock, D.L.; Tomic-Canic, M. Primary cultured fibroblasts derived from patients with chronic wounds: A methodology to produce human cell lines and test putative growth factor therapy such as GMCSF. J. Transl. Med. 2008, 6, 75. [Google Scholar] [CrossRef]

	



Jones, A.R.I.V.; Coleman, E.L.; Husni, N.R.; Deeney, J.T.; Raval, F.; Steenkamp, D.; Dooms, H.; Nikolajczyk, B.S.; Corkey, B.E. Type 1 diabetes alters lipid handling and metabolism in human fibroblasts and peripheral blood mononuclear cells. PLoS ONE 2017, 12, e0188474. [Google Scholar] [CrossRef]

	



Al-Rikabi, A.H.A.; Tobin, D.J.; Riches-Suman, K.; Thornton, M.J. Dermal fibroblasts cultured from donors with type 2 diabetes mellitus retain an epigenetic memory associated with poor wound healing responses. Sci. Rep. 2021, 11, 1474. [Google Scholar] [CrossRef]

	



LaPointe, M.S.; Batlle, D. Cultured skin fibroblasts as an in vitro model to assess phenotypic features in subjects with diabetic nephropathy. Am. J. Kidney Dis. 2001, 38, 646–648. [Google Scholar] [CrossRef]

	



Caramori, M.L.; Kim, Y.; Fioretto, P.; Huang, C.; Rich, S.S.; Miller, M.E.; Russell, G.B.; Mauer, M. Cellular basis of diabetic nephropathy: IV. Antioxidant enzyme mRNA expression levels in skin fibroblasts of type 1 diabetic sibling pairs. Nephrol. Dial. Transplant. 2006, 21, 3122–3126. [Google Scholar] [CrossRef]

	



Millioni, R.; Iori, E.; Puricelli, L.; Arrigoni, G.; Vedovato, M.; Trevisan, R.; James, P.; Tiengo, A.; Tessari, P. Abnormal cytoskeletal protein expression in cultured skin fibroblasts from type 1 diabetes mellitus patients with nephropathy: A proteomic approach. Proteomics. Clin. Appl. 2008, 2, 492–503. [Google Scholar] [CrossRef]

	



Selby, N.M.; Taal, M.W. An updated overview of diabetic nephropathy: Diagnosis, prognosis, treatment goals and latest guidelines. Diabetes Obes. Metab. 2020, 22 (Suppl. S1), 3–15. [Google Scholar] [CrossRef] [PubMed]

	



Esposito, S.; Toni, G.; Tascini, G.; Santi, E.; Berioli, M.G.; Principi, N. Environmental Factors Associated With Type 1 Diabetes. Front. Endocrinol. 2019, 10, 592. [Google Scholar] [CrossRef] [PubMed]

	



Freedman, B.I.; Bostrom, M.; Daeihagh, P.; Bowden, D.W. Genetic factors in diabetic nephropathy. Clin. J. Am. Soc. Nephrol. 2007, 2, 1306–1316. [Google Scholar] [CrossRef] [PubMed]

	



Millioni, R.; Puricelli, L.; Iori, E.; Trevisan, R.; Tessari, P. Skin fibroblasts as a tool for identifying the risk of nephropathy in the type 1 diabetic population. Diabetes Metab. Res. Rev. 2012, 28, 62–70. [Google Scholar] [CrossRef] [PubMed]

	



Puricelli, L.; Iori, E.; Millioni, R.; Arrigoni, G.; James, P.; Vedovato, M.; Tessari, P. Proteome analysis of cultured fibroblasts from type 1 diabetic patients and normal subjects. J. Clin. Endocrinol. Metab. 2006, 91, 3507–3514. [Google Scholar] [CrossRef] [PubMed]

	



Iori, E.; Millioni, R.; Puricelli, L.; Arrigoni, G.; Lenzini, L.; Trevisan, R.; James, P.; Rossi, G.P.; Pinna, L.A.; Tessari, P. Glycolytic enzyme expression and pyruvate kinase activity in cultured fibroblasts from type 1 diabetic patients with and without nephropathy. Biochim. Biophys. Acta 2008, 1782, 627–633. [Google Scholar] [CrossRef]

	



Fabregat, A.; Jupe, S.; Matthews, L.; Sidiropoulos, K.; Gillespie, M.; Garapati, P.; Haw, R.; Jassal, B.; Korninger, F.; May, B.; et al. The Reactome Pathway Knowledgebase. Nucleic. Acids. Res. 2018, 46, D649–D655. [Google Scholar] [CrossRef]

	



Gillespie, M.; Jassal, B.; Stephan, R.; Milacic, M.; Rothfels, K.; Senff-Ribeiro, A.; Griss, J.; Sevilla, C.; Matthews, L.; Gong, C.; et al. The reactome pathway knowledgebase 2022. Nucleic. Acids. Res. 2022, 50, D687–D692. [Google Scholar] [CrossRef]

	



Hwang, S.I.; Lundgren, D.H.; Mayya, V.; Rezaul, K.; Cowan, A.E.; Eng, J.K.; Han, D.K. Systematic characterization of nuclear proteome during apoptosis: A quantitative proteomic study by differential extraction and stable isotope labeling. Mol. Cell Proteom. 2006, 5, 1131–1145. [Google Scholar] [CrossRef]

	



Blagoev, B.; Mann, M. Quantitative proteomics to study mitogen-activated protein kinases. Methods 2006, 40, 243–250. [Google Scholar] [CrossRef]

	



Ong, S.E.; Kratchmarova, I.; Mann, M. Properties of 13C-substituted arginine in stable isotope labeling by amino acids in cell culture (SILAC). J. Proteome. Res. 2003, 2, 173–181. [Google Scholar] [CrossRef]

	



Takai, Y.; Sasaki, T.; Matozaki, T. Small GTP-binding proteins. Physiol. Rev. 2001, 81, 153–208. [Google Scholar] [CrossRef]

	



Zerial, M.; McBride, H. Rab proteins as membrane organizers. Nat. Rev. Mol. Cell Biol. 2001, 2, 107–117, Erratum in Nat. Rev. Mol. Cell Biol. 2001, 2, 216. [Google Scholar] [CrossRef]

	



Morimoto, S.; Nishimura, N.; Terai, T.; Manabe, S.; Yamamoto, Y.; Shinahara, W.; Miyake, H.; Tashiro, S.; Shimada, M.; Sasaki, T. Rab13 mediates the continuous endocytic recycling of occludin to the cell surface. J. Biol. Chem. 2005, 280, 2220–2228. [Google Scholar] [CrossRef]

	



Yamamura, R.; Nishimura, N.; Nakatsuji, H.; Arase, S.; Sasaki, T. The interaction of JRAB/MICAL-L2 with Rab8 and Rab13 coordinates the assembly of tight junctions and adherens junctions. Mol. Biol. Cell 2008, 19, 971–983. [Google Scholar] [CrossRef]

	



Bethunaickan, R.; Berthier, C.C.; Ramanujam, M.; Sahu, R.; Zhang, W.; Sun, Y.; Bottinger, E.P.; Ivashkiv, L.; Kretzler, M.; Davidson, A. A unique hybrid renal mononuclear phagocyte activation phenotype in murine systemic lupus erythematosus nephritis. J. Immunol. 2011, 186, 4994–5003. [Google Scholar] [CrossRef]

	



Huang, T.H.; Shui, H.A.; Ka, S.M.; Tang, B.L.; Chao, T.K.; Chen, J.S.; Lin, Y.F.; Chen, A. Rab 23 is expressed in the glomerulus and plays a role in the development of focal segmental glomerulosclerosis. Nephrol. Dial. Transplant. 2009, 24, 743–754. [Google Scholar] [CrossRef]

	



Huang, T.H.; Ka, S.M.; Hsu, Y.J.; Shui, H.A.; Tang, B.L.; Hu, K.Y.; Chang, J.L.; Chen, A. Rab23 plays a role in the pathophysiology of mesangial cells--a proteomic analysis. Proteomics 2011, 11, 380–394. [Google Scholar] [CrossRef]

	



Yam, A.Y.; Xia, Y.; Lin, H.T.; Burlingame, A.; Gerstein, M.; Frydman, J. Defining the TRiC/CCT interactome links chaperonin function to stabilization of newly made proteins with complex topologies. Nat. Struct. Mol. Biol. 2008, 15, 1255–1262. [Google Scholar] [CrossRef]

	



Frydman, J.; Nimmesgern, E.; Erdjument-Bromage, H.; Wall, J.S.; Tempst, P.; Hartl, F.U. Function in protein folding of TRiC, a cytosolic ring complex containing TCP-1 and structurally related subunits. EMBO J. 1992, 11, 4767–4778. [Google Scholar] [CrossRef]

	



Gao, Y.; Thomas, J.O.; Chow, R.L.; Lee, G.H.; Cowan, N.J. A cytoplasmic chaperonin that catalyzes beta-actin folding. Cell 1992, 69, 1043–1050. [Google Scholar] [CrossRef] [PubMed]

	



Yaffe, M.B.; Farr, G.W.; Miklos, D.; Horwich, A.L.; Sternlicht, M.L.; Sternlicht, H. TCP1 complex is a molecular chaperone in tubulin biogenesis. Nature 1992, 358, 245–248. [Google Scholar] [CrossRef] [PubMed]

	



Brackley, K.I.; Grantham, J. Activities of the chaperonin containing TCP-1 (CCT): Implications for cell cycle progression and cytoskeletal organisation. Cell Stress Chaperones. 2009, 14, 23–31. [Google Scholar] [CrossRef] [PubMed]

	



Wu, C.Z.; Chang, L.C.; Lin, Y.F.; Hung, Y.J.; Pei, D.; Chen, J.S. Chaperonin-containing t-complex protein-1 subunit β as a possible biomarker for the phase of glomerular hyperfiltration of diabetic nephropathy. Dis. Markers. 2015, 2015, 548101. [Google Scholar] [CrossRef]

	



Wang, X.; Wilkinson, R.; Kildey, K.; Potriquet, J.; Mulvenna, J.; Lobb, R.J.; Möller, A.; Cloonan, N.; Mukhopadhyay, P.; Kassianos, A.J.; et al. Unique molecular profile of exosomes derived from primary human proximal tubular epithelial cells under diseased conditions. J. Extracell. Vesicles. 2017, 6, 1314073. [Google Scholar] [CrossRef]

	



Sanai, T.; Sobka, T.; Johnson, T.; el-Essawy, M.; Muchaneta-Kubara, E.C.; Ben Gharbia, O.; el Oldroyd, S.; Nahas, A.M. Expression of cytoskeletal proteins during the course of experimental diabetic nephropathy. Diabetologia 2000, 43, 91–100. [Google Scholar] [CrossRef]

	



Shimoni, Y.; Rattner, J.B. Type 1 diabetes leads to cytoskeleton changes that are reflected in insulin action on rat cardiac K(+) currents. Am. J. Physiol. Endocrinol. Metab. 2001, 281, E575–E585. [Google Scholar] [CrossRef]

	



Tessari, P.; Puricelli, L.; Iori, E.; Arrigoni, G.; Vedovato, M.; James, P.; Coracina, A.; Millioni, R. Altered chaperone and protein turnover regulators expression in cultured skin fibroblasts from type 1 diabetes mellitus with nephropathy. J. Proteome. Res. 2007, 6, 976–986. [Google Scholar] [CrossRef]

	



Li, L.; Rose, P.; Moore, P.K. Hydrogen sulfide and cell signaling. Annu. Rev. Pharmacol. Toxicol. 2011, 51, 169–187. [Google Scholar] [CrossRef]

	



Kabil, O.; Vitvitsky, V.; Banerjee, R. Sulfur as a signaling nutrient through hydrogen sulfide. Annu. Rev. Nutr. 2014, 34, 171–205. [Google Scholar] [CrossRef]

	



Rose, P.; Moore, P.K.; Zhu, Y.Z. H2S biosynthesis and catabolism: New insights from molecular studies. Cell Mol. Life Sci. 2017, 74, 1391–1412. [Google Scholar] [CrossRef]

	



Olson, K.R. Mitochondrial adaptations to utilize hydrogen sulfide for energy and signaling. J. Comp. Physiol. B 2012, 182, 881–897. [Google Scholar] [CrossRef]

	



Stefely, J.A.; Pagliarini, D.J. Biochemistry of Mitochondrial Coenzyme Q Biosynthesis. Trends Biochem. Sci. 2017, 42, 824–843. [Google Scholar] [CrossRef]

	



Kleiner, G.; Barca, E.; Ziosi, M.; Emmanuele, V.; Xu, Y.; Hidalgo-Gutierrez, A.; Qiao, C.; Tadesse, S.; Area-Gomez, E.; Lopez, L.C.; et al. CoQ10 supplementation rescues nephrotic syndrome through normalization of H2S oxidation pathway. Biochim. Biophys. Acta Mol. Basis. Dis. 2018, 1864, 3708–3722. [Google Scholar] [CrossRef]

	



Zhou, X.; Feng, Y.; Zhan, Z.; Chen, J. Hydrogen sulfide alleviates diabetic nephropathy in a streptozotocin-induced diabetic rat model. J. Biol. Chem. 2014, 289, 28827–28834. [Google Scholar] [CrossRef]

	



Yu, Y.T.; Yang, J.W. Protective Effect of Hydrogen Sulfide in the Secondary Renal Disease and Renal Transplantation. Sheng Li Ke Xue Jin Zhan. 2016, 47, 93–96. [Google Scholar]

	



Dugbartey, G.J. Diabetic nephropathy: A potential savior with ‘rotten-egg’ smell. Pharmacol. Rep. 2017, 69, 331–339. [Google Scholar] [CrossRef]

	



Hostetter, T.H. Progression of renal disease and renal hypertrophy. Annu. Rev. Physiol. 1995, 57, 263–278. [Google Scholar] [CrossRef]

	



Kasinath, B.S.; Feliers, D.; Sataranatarajan, K.; Ghosh Choudhury, G.; Lee, M.J.; Mariappan, M.M. Regulation of mRNA translation in renal physiology and disease. Am. J. Physiol. Renal. Physiol. 2009, 297, F1153–F1165. [Google Scholar] [CrossRef]

	



Marintchev, A.; Edmonds, K.A.; Marintcheva, B.; Hendrickson, E.; Oberer, M.; Suzuki, C.; Herdy, B.; Sonenberg, N.; Wagner, G. Topology and regulation of the human eIF4A/4G/4H helicase complex in translation initiation. Cell 2009, 136, 447–460. [Google Scholar] [CrossRef]

	



Kasinath, B.S.; Mariappan, M.M.; Sataranatarajan, K.; Lee, M.J.; Ghosh Choudhury, G.; Feliers, D. Novel mechanisms of protein synthesis in diabetic nephropathy--role of mRNA translation. Rev. Endocr. Metab. Disord. 2008, 9, 255–266. [Google Scholar] [CrossRef] [PubMed]

	



Grice, B. What I didn’t see before. Nursing 1991, 21, 93–94. [Google Scholar] [CrossRef] [PubMed]

	



Zhou, G.; Xin, G.; Zhang, W.; Zhang, X. Biomarker prediction for membranous nephropathy prognosis by microarray analysis. Nephrology 2019, 24, 526–533. [Google Scholar] [CrossRef] [PubMed]

	



Togashi, Y.; Miyamoto, Y. Urinary cystatin C as a biomarker for diabetic nephropathy and its immunohistochemical localization in kidney in Zucker diabetic fatty (ZDF) rats. Exp. Toxicol. Pathol. 2013, 65, 615–622. [Google Scholar] [CrossRef]

	



Brennan, E.P.; Ehrich, M.; O’Donovan, H.; Brazil, D.P.; Crean, J.K.; Murphy, M.; Sadlier, D.M.; Martin, F.; Godson, C.; van den Boom, D.; et al. DNA methylation profiling in cell models of diabetic nephropathy. Epigenetics 2010, 5, 396–401. [Google Scholar] [CrossRef]

	



Lo, C.S.; Shi, Y.; Chenier, I.; Ghosh, A.; Wu, C.H.; Cailhier, J.F.; Ethier, J.; Lattouf, J.B.; Filep, J.G.; Ingelfinger, J.R.; et al. Heterogeneous Nuclear Ribonucleoprotein F Stimulates Sirtuin-1 Gene Expression and Attenuates Nephropathy Progression in Diabetic Mice. Diabetes 2017, 66, 1964–1978. [Google Scholar] [CrossRef]

	



Ghosh, A.; Abdo, S.; Zhao, S.; Wu, C.H.; Shi, Y.; Lo, C.S.; Chenier, I.; Alquier, T.; Filep, J.G.; Ingelfinger, J.R.; et al. Insulin Inhibits Nrf2 Gene Expression via Heterogeneous Nuclear Ribonucleoprotein F/K in Diabetic Mice. Endocrinology 2017, 158, 903–919. [Google Scholar] [CrossRef]

	



Lo, C.S.; Chang, S.Y.; Chenier, I.; Filep, J.G.; Ingelfinger, J.R.; Zhang, S.L.; Chan, J.S. Heterogeneous nuclear ribonucleoprotein F suppresses angiotensinogen gene expression and attenuates hypertension and kidney injury in diabetic mice. Diabetes 2012, 61, 2597–2608. [Google Scholar] [CrossRef]

	



Moura, I.C.; Centelles, M.N.; Arcos-Fajardo, M.; Malheiros, D.M.; Collawn, J.F.; Cooper, M.D.; Monteiro, R.C. Identification of the transferrin receptor as a novel immunoglobulin (Ig)A1 receptor and its enhanced expression on mesangial cells in IgA nephropathy. J. Exp. Med. 2001, 194, 417–425. [Google Scholar] [CrossRef]

	



Berthelot, L.; Papista, C.; Maciel, T.T.; Biarnes-Pelicot, M.; Tissandie, E.; Wang, P.H.; Tamouza, H.; Jamin, A.; Bex-Coudrat, J.; Gestin, A.; et al. Transglutaminase is essential for IgA nephropathy development acting through IgA receptors. J. Exp. Med. 2012, 209, 793–806. [Google Scholar] [CrossRef]

	



Zhou, L.T.; Qiu, S.; Lv, L.L.; Li, Z.L.; Liu, H.; Tang, R.N.; Ma, K.L.; Liu, B.C. Integrative Bioinformatics Analysis Provides Insight into the Molecular Mechanisms of Chronic Kidney Disease. Kidney Blood Press Res. 2018, 43, 568–581. [Google Scholar] [CrossRef]

	



Grill, B.; Wilson, G.M.; Zhang, K.X.; Wang, B.; Doyonnas, R.; Quadroni, M.; Schrader, J.W. Activation/division of lymphocytes results in increased levels of cytoplasmic activation/proliferation-associated protein-1: Prototype of a new family of proteins. J. Immunol. 2004, 172, 2389–2400. [Google Scholar] [CrossRef]

	



Jaffa, M.A.; Kobeissy, F.; Al Hariri, M.; Chalhoub, H.; Eid, A.; Ziyadeh, F.N.; Jaffa, A.A. Global renal gene expression profiling analysis in B2-kinin receptor null mice: Impact of diabetes. PLoS ONE 2012, 7, e44714. [Google Scholar] [CrossRef]

	



Matsuo, S.; López-Guisa, J.M.; Cai, X.; Okamura, D.M.; Alpers, C.E.; Bumgarner, R.E.; Peters, M.A.; Zhang, G.; Eddy, A.A. Multifunctionality of PAI-1 in fibrogenesis: Evidence from obstructive nephropathy in PAI-1-overexpressing mice. Kidney Int. 2005, 67, 2221–2238, Erratum in Kidney Int. 2005, 68, 910. [Google Scholar] [CrossRef]

	



Zhi, W.; Sharma, A.; Purohit, S.; Miller, E.; Bode, B.; Anderson, S.W.; Reed, J.C.; Steed, R.D.; Steed, L.; Hopkins, D.; et al. Discovery and validation of serum protein changes in type 1 diabetes patients using high throughput two dimensional liquid chromatography-mass spectrometry and immunoassays. Mol. Cell Proteom. 2011, 10, M111.012203. [Google Scholar] [CrossRef]

	



Deb, D.K.; Chen, Y.; Sun, J.; Wang, Y.; Li, Y.C. ATP-citrate lyase is essential for high glucose-induced histone hyperacetylation and fibrogenic gene upregulation in mesangial cells. Am. J. Physiol. Renal. Physiol. 2017, 313, F423–F429. [Google Scholar] [CrossRef]

	



Chen, Y.; Deb, D.K.; Fu, X.; Yi, B.; Liang, Y.; Du, J.; He, L.; Li, Y.C. ATP-citrate lyase is an epigenetic regulator to promote obesity-related kidney injury. FASEB J. 2019, 33, 9602–9615. [Google Scholar] [CrossRef]

	



Imamura, M.; Moon, J.S.; Chung, K.P.; Nakahira, K.; Muthukumar, T.; Shingarev, R.; Ryter, S.W.; Choi, A.M.; Choi, M.E. RIPK3 promotes kidney fibrosis via AKT-dependent ATP citrate lyase. JCI Insight. 2018, 3, e94979. [Google Scholar] [CrossRef]

	



Gao, C.; Huang, W.; Kanasaki, K.; Xu, Y. The role of ubiquitination and sumoylation in diabetic nephropathy. Biomed. Res. Int. 2014, 2014, 160692. [Google Scholar] [CrossRef]

	



Goru, S.K.; Kadakol, A.; Gaikwad, A.B. Hidden targets of ubiquitin proteasome system: To prevent diabetic nephropathy. Pharmacol. Res. 2017, 120, 170–179. [Google Scholar] [CrossRef]

	



Huang, W.; Yang, C.; Nan, Q.; Gao, C.; Feng, H.; Gou, F.; Chen, G.; Zhang, Z.; Yan, P.; Peng, J.; et al. The proteasome inhibitor, MG132, attenuates diabetic nephropathy by inhibiting SnoN degradation in vivo and in vitro. Biomed. Res. Int. 2014, 2014, 684765. [Google Scholar] [CrossRef] [PubMed]

	



Zeng, W.; Qi, W.; Mu, J.; Wei, Y.; Yang, L.L.; Zhang, Q.; Wu, Q.; Tang, J.Y.; Feng, B. MG132 protects against renal dysfunction by regulating Akt-mediated inflammation in diabetic nephropathy. Sci. Rep. 2019, 9, 2049. [Google Scholar] [CrossRef] [PubMed]

	



Luo, Z.F.; Qi, W.; Feng, B.; Mu, J.; Zeng, W.; Guo, Y.H.; Pang, Q.; Ye, Z.L.; Liu, L.; Yuan, F.H. Prevention of diabetic nephropathy in rats through enhanced renal antioxidative capacity by inhibition of the proteasome. Life Sci. 2011, 88, 512–520. [Google Scholar] [CrossRef] [PubMed]

	



Yadranji Aghdam, S.; Mahmoudpour, A. Proteasome Activators, PA28α and PA28β, Govern Development of Microvascular Injury in Diabetic Nephropathy and Retinopathy. Int. J. Nephrol. 2016, 2016, 3846573. [Google Scholar] [CrossRef]

	



Queisser, M.A.; Yao, D.; Geisler, S.; Hammes, H.P.; Lochnit, G.; Schleicher, E.D.; Brownlee, M.; Preissner, K.T. Hyperglycemia impairs proteasome function by methylglyoxal. Diabetes 2010, 59, 670–678. [Google Scholar] [CrossRef]

	



Tashiro, K.; Tamada, S.; Kuwabara, N.; Komiya, T.; Takekida, K.; Asai, T.; Iwao, H.; Sugimura, K.; Matsumura, Y.; Takaoka, M.; et al. Attenuation of renal fibrosis by proteasome inhibition in rat obstructive nephropathy: Possible role of nuclear factor kappaB. Int. J. Mol. Med. 2003, 12, 587–592. [Google Scholar] [CrossRef]

	



Pujols, L.; Fernández-Bertolín, L.; Fuentes-Prado, M.; Alobid, I.; Roca-Ferrer, J.; Agell, N.; Mullol, J.; Picado, C. Proteasome inhibition reduces proliferation, collagen expression, and inflammatory cytokine production in nasal mucosa and polyp fibroblasts. J. Pharmacol. Exp. Ther. 2012, 343, 184–197. [Google Scholar] [CrossRef]

	



Neubert, K.; Meister, S.; Moser, K.; Weisel, F.; Maseda, D.; Amann, K.; Wiethe, C.; Winkler, T.H.; Kalden, J.R.; Manz, R.A.; et al. The proteasome inhibitor bortezomib depletes plasma cells and protects mice with lupus-like disease from nephritis. Nat. Med. 2008, 14, 748–755. [Google Scholar] [CrossRef]

	



Huang, S.; Liu, F.; Niu, Q.; Li, Y.; Liu, C.; Zhang, L.; Ni, D.; Pu, X. GLIPR-2 overexpression in HK-2 cells promotes cell EMT and migration through ERK1/2 activation. PLoS ONE. 2013, 8, e58574. [Google Scholar] [CrossRef]

	



Zhao, D.; Jia, J.; Shao, H. miR-30e targets GLIPR-2 to modulate diabetic nephropathy: In vitro and in vivo experiments. J. Mol. Endocrinol. 2017, 59, 181–190. [Google Scholar] [CrossRef]

	



El-Meanawy, A.; Schelling, J.R.; Iyengar, S.K.; Hayden, P.; Barathan, S.; Goddard, K.; Pozuelo, F.; Elashi, E.; Nair, V.; Kretzler, M.; et al. Identification of nephropathy candidate genes by comparing sclerosis-prone and sclerosis-resistant mouse strain kidney transcriptomes. BMC Nephrol. 2012, 13, 61. [Google Scholar] [CrossRef]

	



Yang, H.; Zhang, X.; Xin, G. Investigation of mechanisms of mesenchymal stem cells for treatment of diabetic nephropathy via construction of a miRNA-TF-mRNA network. Ren. Fail. 2018, 40, 136–145. [Google Scholar] [CrossRef]

	



Gu, Y.; Gong, Y.; Zhang, H.; Dong, X.; Zhao, T.; Burczynski, F.J.; Wang, G.; Sun, S.; Zhu, B.; Han, W.; et al. Regulation of transforming growth factor beta 1 gene expression by dihydropteridine reductase in kidney 293T cells. Biochem. Cell Biol. 2013, 91, 187–193. [Google Scholar] [CrossRef]

	



Si, Q.; Sun, S.; Gu, Y. A278C mutation of dihydropteridine reductase decreases autophagy via mTOR signaling. Acta Biochim. Biophys. Sin. 2017, 49, 706–712. [Google Scholar] [CrossRef]

	



Sharma, M.; Mehndiratta, M.; Gupta, S.; Kalra, O.P.; Shukla, R.; Gambhir, J.K. Genetic association of NAD(P)H quinone oxidoreductase (NQO1*2) polymorphism with NQO1 levels and risk of diabetic nephropathy. Biol. Chem. 2016, 397, 725–730. [Google Scholar] [CrossRef]

	



Finsterer, J.; Scorza, F.A. Renal manifestations of primary mitochondrial disorders. Biomed. Rep. 2017, 6, 487–494. [Google Scholar] [CrossRef]

	



Emma, F.; Montini, G.; Parikh, S.M.; Salviati, L. Mitochondrial dysfunction in inherited renal disease and acute kidney injury. Nat. Rev. Nephrol. 2016, 12, 267–280. [Google Scholar] [CrossRef]

	



Cox, S.N.; Serino, G.; Sallustio, F.; Blasi, A.; Rossini, M.; Pesce, F.; Schena, F.P. Altered monocyte expression and expansion of non-classical monocyte subset in IgA nephropathy patients. Nephrol. Dial. Transplant. 2015, 30, 1122–1232. [Google Scholar] [CrossRef]

	



Mafi, A.; Aghadavod, E.; Mirhosseini, N.; Mobini, M.; Asemi, Z. The effects of expression of different microRNAs on insulin secretion and diabetic nephropathy progression. J. Cell Physiol. 2018, 234, 42–50. [Google Scholar] [CrossRef]

	



Higuchi, C.; Nakatsuka, A.; Eguchi, J.; Teshigawara, S.; Kanzaki, M.; Katayama, A.; Yamaguchi, S.; Takahashi, N.; Murakami, K.; Ogawa, D.; et al. Identification of circulating miR-101, miR-375 and miR-802 as biomarkers for type 2 diabetes. Metabolism 2015, 64, 489–497. [Google Scholar] [CrossRef]

	



Scott, L.J.; Mohlke, K.L.; Bonnycastle, L.L.; Willer, C.J.; Li, Y.; Duren, W.L.; Erdos, M.R.; Stringham, H.M.; Chines, P.S.; Jackson, A.U.; et al. A genome-wide association study of type 2 diabetes in Finns detects multiple susceptibility variants. Science 2007, 316, 1341–1345. [Google Scholar] [CrossRef] [PubMed]

	



Liljedahl, L.; Pedersen, M.H.; Norlin, J.; McGuire, J.N.; James, P. N-glycosylation proteome enrichment analysis in kidney reveals differences between diabetic mouse models. Clin. Proteomics. 2016, 13, 22. [Google Scholar] [CrossRef] [PubMed]

	



Fu, F.; Wei, X.; Liu, J.; Mi, N. Bioinformatic analysis of specific genes in diabetic nephropathy. Ren. Fail. 2015, 37, 1219–1224. [Google Scholar] [CrossRef] [PubMed]

	



Yesil-Devecioglu, T.; Dayan, A.; Demirtunc, R.; Sardas, S. Role of DNA repair genes XRCC3 and XRCC1 in predisposition to type 2 diabetes mellitus and diabetic nephropathy. Endocrinol. Diabetes Nutr. 2019, 66, 90–98, (In English, Spanish). [Google Scholar] [CrossRef] [PubMed]

	



Wu, C.C.; Chen, J.S.; Huang, C.F.; Chen, C.C.; Lu, K.C.; Chu, P.; Sytwu, H.K.; Lin, Y.F. Approaching biomarkers of membranous nephropathy from a murine model to human disease. J. Biomed. Biotechnol. 2011, 2011, 581928. [Google Scholar] [CrossRef]

	



Iacobini, C.; Amadio, L.; Oddi, G.; Ricci, C.; Barsotti, P.; Missori, S.; Sorcini, M.; Di Mario, U.; Pricci, F.; Pugliese, G. Role of galectin-3 in diabetic nephropathy. J. Am. Soc. Nephrol. 2003, 14 (Suppl. S3), S264–S270. [Google Scholar] [CrossRef]

	



Li, Y.; Li, T.; Zhou, Z.; Xiao, Y. Emerging roles of Galectin-3 in diabetes and diabetes complications: A snapshot. Rev. Endocr. Metab. Disord. 2022, 23, 569–577. [Google Scholar] [CrossRef]

	



Nicholas, S.B.; Aguiniga, E.; Ren, Y.; Kim, J.; Wong, J.; Govindarajan, N.; Noda, M.; Wang, W.; Kawano, Y.; Collins, A.; et al. Plasminogen activator inhibitor-1 deficiency retards diabetic nephropathy. Kidney Int. 2005, 67, 1297–1307. [Google Scholar] [CrossRef]

	



Guo, J.; Rackham, O.J.L.; Sandholm, N.; He, B.; Österholm, A.M.; Valo, E.; Harjutsalo, V.; Forsblom, C.; Toppila, I.; Parkkonen, M.; et al. Whole-Genome Sequencing of Finnish Type 1 Diabetic Siblings Discordant for Kidney Disease Reveals DNA Variants associated with Diabetic Nephropathy. J. Am. Soc. Nephrol. 2020, 31, 309–323. [Google Scholar] [CrossRef]

	



Jacobson, S.L.; Piper, H.M. Cell cultures of adult cardiomyocytes as models of the myocardium. J. Mol. Cell Cardiol. 1986, 18, 661–678. [Google Scholar] [CrossRef]

	



Du, F.; Wang, T.; Li, S.; Meng, X.; Zhang, H.Y.; Li, D.T.; Du, Z.X.; Wang, H.Q. Cathepsin D protects renal tubular cells from damage induced by high glucose independent of its enzymatic activity. Am. J. Transl. Res. 2017, 9, 5528–5537. [Google Scholar]

	



Limonte, C.P.; Valo, E.; Drel, V.; Natarajan, L.; Darshi, M.; Forsblom, C.; Henderson, C.M.; Hoofnagle, A.N.; Ju, W.; Kretzler, M.; et al. Urinary Proteomics Identifies Cathepsin D as a Biomarker of Rapid eGFR Decline in Type 1 Diabetes. Diabetes Care 2022, 45, 1416–1427. [Google Scholar] [CrossRef]

	



Li, S.Y.; Huang, P.H.; Tarng, D.C.; Lin, T.P.; Yang, W.C.; Chang, Y.H.; Yang, A.H.; Lin, C.C.; Yang, M.H.; Chen, J.W.; et al. Four-and-a-Half LIM Domains Protein 2 Is a Coactivator of Wnt Signaling in Diabetic Kidney Disease. J. Am. Soc. Nephrol. 2015, 26, 3072–3084. [Google Scholar] [CrossRef]

	



Cai, T.; Sun, D.; Duan, Y.; Qiu, Y.; Dai, C.; Yang, J.; He, W. FHL2 promotes tubular epithelial-to-mesenchymal transition through modulating β-catenin signalling. J. Cell Mol. Med. 2018, 22, 1684–1695. [Google Scholar] [CrossRef]

	



Adhikary, L.; Chow, F.; Nikolic-Paterson, D.J.; Stambe, C.; Dowling, J.; Atkins, R.C.; Tesch, G.H. Abnormal p38 mitogen-activated protein kinase signalling in human and experimental diabetic nephropathy. Diabetologia. 2004, 47, 1210–1222. [Google Scholar] [CrossRef]

	



Toyoda, M.; Suzuki, D.; Honma, M.; Uehara, G.; Sakai, T.; Umezono, T.; Sakai, H. High expression of PKC-MAPK pathway mRNAs correlates with glomerular lesions in human diabetic nephropathy. Kidney Int. 2004, 66, 1107–1114. [Google Scholar] [CrossRef]

	



Price, J.C.; Guan, S.; Burlingame, A.; Prusiner, S.B.; Ghaemmaghami, S. Analysis of proteome dynamics in the mouse brain. Proc. Natl. Acad. Sci. USA 2010, 107, 14508–14513, Erratum in Proc. Natl. Acad. Sci. USA 2014, 111, 3645. [Google Scholar] [CrossRef]

	



Fernandez-Pol, J.A.; Hamilton, P.D.; Klos, D.J. Essential viral and cellular zinc and iron containing metalloproteins as targets for novel antiviral and anticancer agents: Implications for prevention and therapy of viral diseases and cancer. Anticancer Res. 2001, 21, 931–957. [Google Scholar]

	



Fernandez-Pol, J.A.; Klos, D.J.; Hamilton, P.D. Metallopanstimulin gene product produced in a baculovirus expression system is a nuclear phosphoprotein that binds to DNA. Cell Growth Differ. 1994, 5, 811–825. [Google Scholar]

	



Welle, K.A.; Zhang, T.; Hryhorenko, J.R.; Shen, S.; Qu, J.; Ghaemmaghami, S. Time-resolved Analysis of Proteome Dynamics by Tandem Mass Tags and Stable Isotope Labeling in Cell Culture (TMT-SILAC) Hyperplexing. Mol. Cell Proteom. 2016, 15, 3551–3563. [Google Scholar] [CrossRef]

	



Resmini, G.; Rizzo, S.; Franchin, C.; Zanin, R.; Penzo, C.; Pegoraro, S.; Ciani, Y.; Piazza, S.; Arrigoni, G.; Sgarra, R.; et al. HMGA1 regulates the Plasminogen activation system in the secretome of breast cancer cells. Sci. Rep. 2017, 7, 11768. [Google Scholar] [CrossRef] [PubMed]

	



Szklarczyk, D.; Gable, A.L.; Lyon, D.; Junge, A.; Wyder, S.; Huerta-Cepas, J.; Simonovic, M.; Doncheva, N.T.; Morris, J.H.; Bork, P.; et al. STRING v11: Protein-protein association networks with increased coverage, supporting functional discovery in genome-wide experimental datasets. Nucleic. Acids Res. 2019, 47, D607–D613. [Google Scholar] [CrossRef] [PubMed]

	



Huang, W.; Sherman, B.T.; Lempicki, R.A. Bioinformatics enrichment tools: Paths toward the comprehensive functional analysis of large gene lists. Nucleic. Acids Res. 2009, 37, 1–13. [Google Scholar] [CrossRef] [PubMed]

	



Huang, W.; Sherman, B.T.; Lempicki, R.A. Systematic and integrative analysis of large gene lists using DAVID bioinformatics resources. Nat. Protoc. 2009, 4, 44–57. [Google Scholar] [CrossRef]

	



Supek, F.; Bošnjak, M.; Škunca, N.; Šmuc, T. REVIGO summarizes and visualizes long lists of gene ontology terms. PLoS ONE. 2011, 6, e21800. [Google Scholar] [CrossRef]

	



Subramanian, A.; Tamayo, P.; Mootha, V.K.; Mukherjee, S.; Ebert, B.L.; Gillette, M.A.; Paulovich, A.; Pomeroy, S.L.; Golub, T.R.; Lander, E.S.; et al. Gene set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. USA 2005, 102, 15545–15550. [Google Scholar] [CrossRef]








[image: Ijms 24 02811 g001 550] 





Figure 1. Proteomics workflow used to estimate turnover rates of individual proteins. Cells were grown in the SILAC heavy medium and collected at 4, 7.5, and 24 h. Following cell lysis and protein quantification, a fractionation step by SDS-PAGE was performed, and proteins were then digested and analyzed by LC-MS/MS as detailed in Section 4. 
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Figure 2. Model of technical variability. The standard deviation (SD, empty circles), and the coefficient of variation (CV, solid circles) are not constant with the average of the heavy to light ratio (H/L). Therefore, the model   SD =    α 2  +  β 2  ·  r 2      was used to fit the standard deviation. The model was derived from replicated measurements of peptides. 
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Figure 3. Coefficient of variation of the parameter estimate. Distribution of the CV of the parameter k estimate of the 1661 proteins in our dataset identified by fitting the H/L ratio across different time points. 
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Figure 4. Distribution of the mean values of half-life T1/2. The vast majority of proteins show a half-life between 3 and 200 h with an average of 59.9 h. 
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Figure 5. Variance across time vs. technical variance. The figure shows the variance across different time points (x axis) vs. the technical variation (y axis), measured as the variance observed across peptides matching the same protein in the same sample. The variance across time is equal to or lower than the technical variation, in line with the steady state assumption. 
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Figure 6. Distribution of protein abundances. The average protein abundance estimated for the entire protein set is shown in a logarithmic scale (Arbitrary Units) and spans 4 orders of magnitude. 
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Figure 7. Distribution of turnover rates as a function of protein abundance. Left panels show the turnover rate constant k as a function of protein abundance, while right panels show the protein half-life as a function of protein abundance. Zoomed data are on display in the lower panels. Proteins characterized by a low turnover rate and high abundance are depicted in red, proteins with a high turnover rate and high abundance in blue, proteins with a high turnover rate and low abundance in green, and proteins with a low turnover rate and low abundance in pink. 
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Figure 8. Half-lives of proteins belonging to selected macromolecular complexes. The graphs show the estimated half-lives for proteins that are part of specific, well-characterized macromolecular complexes. Error bars indicate standard errors. 
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Figure 9. Box plots showing the distribution of half-lives for proteins belonging to the macromolecular complexes indicated in Figure 8, compared to the distribution of half-lives relative to 10 randomly selected populations of proteins generated automatically from the same dataset. 
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Table 1. Number of viable cells repeatedly counted during the experiment.
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	Time Point
	Average Cell Number





	1 h
	5.26 × 106



	2 h
	5.68 × 106



	4 h
	5.66 × 106



	7.5 h
	5.56 × 106



	24 h
	5.98 × 106
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Table 2. Proteins with a significantly different half-life in Diabetic and Nephropathic subjects.
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Gene Name

	
Protein Description

	
Average Half-Lives in h (SD)

	
p-Value

	
Valid Values




	
Diabetic

	
Nephropathic

	
Diabetic

	
Nephropathic






	
RAB13

	
RAB13, member RAS oncogene family

	
26.4 (1.5)

	
32.6 (0.1)

	
1.90 × 10−3

	
5

	
2




	
RAB23

	
RAB23, member RAS oncogene family

	
33.0 (2.8)

	
42.9 (4.3)

	
1.10 × 10−2

	
5

	
3




	
SQRDL

	
sulfide quinone reductase-like (yeast)

	
74.6 (12.7)

	
123.6 (16.5)

	
1.54 × 10−2

	
4

	
2




	
PABPC1

	
poly(A) binding protein, cytoplasmic 1

	
41.2 (3.9)

	
49.1 (4.4)

	
1.85 × 10−2

	
5

	
5




	
IPO7

	
importin 7

	
28.7 (1.8)

	
34.7 (3.9)

	
2.02 × 10−2

	
4

	
5




	
NPM1

	
nucleophosmin (nucleolar phosphoprotein B23, numatrin)

	
48.2 (3.4)

	
55.6 (4.5)

	
2.10 × 10−2

	
5

	
5




	
TCP1

	
t-complex 1

	
58.0 (6.0)

	
73.7 (12.1)

	
2.71 × 10−2

	
5

	
5




	
EIF4A1

	
eukaryotic translation initiation factor 4A1

	
29.8 (1.8)

	
34.7 (4.0)

	
3.31 × 10−2

	
5

	
5




	
CCT8

	
chaperonin containing TCP1, subunit 8 (theta)

	
57.8 (5.2)

	
68.9 (9.3)

	
3.34 × 10−2

	
5

	
5




	
EIF4G1

	
eukaryotic translation initiation factor 4 gamma, 1

	
26.8 (1.3)

	
32.2 (3.8)

	
3.66 × 10−2

	
4

	
4




	
TFRC

	
transferrin receptor

	
23.3 (2.9)

	
29.2 (3.2)

	
3.72 × 10−2

	
4

	
5




	
TOP2B

	
topoisomerase (DNA) II beta 180kDa

	
33.0 (3.3)

	
25.9 (0.3)

	
3.93 × 10−2

	
3

	
2




	
ACTB

	
actin, beta

	
65.3 (5.3)

	
89.8 (20.9)

	
4.12 × 10−2

	
5

	
4




	
ACLY

	
ATP citrate lyase

	
35.2 (4.7)

	
43.5 (4.9)

	
4.25 × 10−2

	
5

	
5




	
ST13P4

	
Suppression of tumorigenicity 13 pseudogene 4

	
21.8 (2.5)

	
37.6 (7.3)

	
4.36 × 10−2

	
3

	
2




	
GSTM5

	
glutathione S-transferase mu 5

	
53.5 (5.9)

	
104.9 (18.5)

	
4.38 × 10−2

	
2

	
2




	
HNRNPF

	
heterogeneous nuclear ribonucleoprotein F

	
29.8 (4.0)

	
38.1 (6.0)

	
4.80 × 10−2

	
5

	
4




	
PA2G4

	
proliferation-associated 2G4, 38kDa

	
49.4 (3.7)

	
62.2 (12.5)

	
4.85 × 10−2

	
5

	
5




	
CAPRIN1

	
cell cycle associated protein 1

	
14.7 (0.9)

	
16.2 (1.1)

	
4.89 × 10−2

	
5

	
5




	
EIF4H

	
eukaryotic translation initiation factor 4H

	
28.9 (1.9)

	
37.6 (3.6)

	
4.90 × 10−2

	
2

	
3
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Table 3. Proteins with a significantly different abundance in Diabetic and Nephropathic subjects.
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Gene Name

	
Protein Description

	
Fold Change

(Nephropathic vs. Diabetic)

	
p-Value

	
Valid Values




	
Diabetic

	
Nephropathic






	
GLIPR2

	
GLI pathogenesis-related 2

	
−1.8

	
3.30 × 10−3

	
4

	
4




	
RPS3A

	
ribosomal protein S3A

	
−1.6

	
3.90 × 10−3

	
5

	
5




	
TRIM25

	
tripartite motif containing 25

	
−1.5

	
6.41 × 10−3

	
3

	
4




	
SLC25A6

	
solute carrier family 25 (mitochondrial carrier; adenine nucleotide translocator), member 6

	
−1.7

	
6.95 × 10−3

	
5

	
5




	
TUBB4A

	
tubulin, beta 4A class IVa

	
2.1

	
9.41 × 10−3

	
5

	
5




	
NDUFB10

	
NADH dehydrogenase (ubiquinone) 1 beta subcomplex, 10, 22kDa

	
−1.7

	
1.21 × 10−2

	
5

	
4




	
NPC2

	
Niemann-Pick disease, type C2

	
2.5

	
1.47 × 10−2

	
2

	
4




	
SYNE1

	
spectrin repeat containing, nuclear envelope 1

	
−2.2

	
1.47 × 10−2

	
5

	
5




	
SEC31A

	
SEC31 homolog A (S. cerevisiae)

	
1.6

	
1.55 × 10−2

	
3

	
4




	
TUBB4B

	
tubulin, beta 4B class IVb

	
3.3

	
1.70 × 10−2

	
2

	
4




	
SLC25A3

	
solute carrier family 25 (mitochondrial carrier; phosphate carrier), member 3

	
−1.7

	
2.40 × 10−2

	
5

	
5




	
DNAJC8

	
DnaJ (Hsp40) homolog, subfamily C, member 8

	
−1.8

	
2.40 × 10−2

	
5

	
4




	
COX4I1

	
cytochrome c oxidase subunit IV isoform 1

	
−1.7

	
2.42 × 10−2

	
5

	
5




	
LGALS3

	
lectin, galactoside-binding, soluble, 3

	
−1.4

	
2.57 × 10−2

	
5

	
5




	
NQO1

	
NAD(P)H dehydrogenase, quinone 1

	
−2.1

	
2.64 × 10−2

	
5

	
5




	
SERPINB2

	
serpin peptidase inhibitor, clade B (ovalbumin), member 2

	
1.6

	
2.76 × 10−2

	
2

	
4




	
XRCC6

	
X-ray repair complementing defective repair in Chinese hamster cells 6

	
−1.4

	
2.80 × 10−2

	
5

	
5




	
SDHB

	
succinate dehydrogenase complex, subunit B, iron sulfur (Ip)

	
−1.6

	
2.85 × 10−2

	
4

	
5




	
FHL2

	
four and a half LIM domains 2

	
−1.6

	
2.87 × 10−2

	
4

	
4




	
RBMX

	
RNA binding motif protein, X-linked

	
−1.6

	
3.03 × 10−2

	
2

	
3




	
PSMA7

	
proteasome (prosome, macropain) subunit, alpha type, 7

	
−2.1

	
3.18 × 10−2

	
3

	
3




	
XRCC5

	
X-ray repair complementing defective repair in Chinese hamster cells 5 (double-strand-break rejoining)

	
−1.4

	
3.21 × 10−2

	
5

	
5




	
SLC25A5

	
solute carrier family 25 (mitochondrial carrier; adenine nucleotide translocator), member 5

	
−1.9

	
3.34 × 10−2

	
5

	
5




	
RNH1

	
ribonuclease/angiogenin inhibitor 1

	
1.4

	
3.43 × 10−2

	
5

	
5




	
TUBA1C

	
tubulin, alpha 1c

	
1.7

	
3.57 × 10−2

	
2

	
5




	
CAPNS1

	
calpain, small subunit 1

	
−1.8

	
3.71 × 10−2

	
4

	
5




	
RRAS

	
related RAS viral (r-ras) oncogene homolog

	
−1.7

	
3.82 × 10−2

	
5

	
5




	
CYB5A

	
cytochrome b5 type A (microsomal)

	
−1.8

	
3.90 × 10−2

	
4

	
5




	
CTSD

	
cathepsin D

	
−1.4

	
3.95 × 10−2

	
5

	
5




	
EEF1B2

	
eukaryotic translation elongation factor 1 beta 2

	
−1.6

	
4.08 × 10−2

	
5

	
5




	
MAPK14

	
mitogen-activated protein kinase 14

	
−1.6

	
4.09 × 10−2

	
2

	
3




	
PSMB2

	
proteasome (prosome, macropain) subunit, beta type, 2

	
−1.6

	
4.22 × 10−2

	
2

	
3




	
MTPN

	
myotrophin

	
−1.6

	
4.30 × 10−2

	
5

	
5




	
MYO1B

	
myosin IB

	
1.6

	
4.35 × 10−2

	
5

	
5




	
APPL2

	
adaptor protein, phosphotyrosine interaction, PH domain and leucine zipper containing 2

	
−1.3

	
4.51 × 10−2

	
5

	
5




	
RPS3

	
ribosomal protein S3

	
−1.7

	
4.55 × 10−2

	
5

	
5




	
FKBP7

	
FK506 binding protein 7

	
−1.7

	
4.59 × 10−2

	
5

	
5




	
QDPR

	
quinoid dihydropteridine reductase

	
−2.8

	
4.72 × 10−2

	
4

	
3




	
HM13

	
histocompatibility (minor) 13

	
−2.0

	
4.74 × 10−2

	
2

	
4




	
IMPA1

	
inositol(myo)-1(or 4)-monophosphatase 1

	
−2.6

	
4.99 × 10−2

	
3

	
3
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Table 4. Gene Ontology annotation of proteins grouped according to their average half-life. Proteins are grouped in 9 arbitrary ranges of half-life, and the most enriched and significant GO terms (Biological Process, Cellular Component, Molecular Function, and KEGG pathways) are listed for each group.
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	T1/2 Range (h)
	# of Proteins
	Biological Processes
	Cellular Components
	Molecular Functions
	KEGG Pathways





	<20
	64
	Extracellular matrix organization; collagen metabolism; cell adhesion and motility
	Extracellular matrix; vesicle; collagen trimer
	Extracellular matrix structural constituent; Receptor binding; Protein binding
	ECM-receptor interaction; Focal adhesion



	20–30
	82
	Small GTPase mediated signal transduction; mRNA splicing; localization
	Cytoplasm; Spliceosomal complex
	RNA binding; GTPase activity
	



	30–40
	157
	Intracellular transport; Translation; RNA splicing; localization
	Spliceosomal complex; Nuclear part; Cytoplasmic part; Ribonucleoprotein complex; EIF3 and EIF4F
	Protein binding; RNA binding; Nucleotide binding; Nucleoside-triphosphatase activity
	Spliceosome



	40–50
	193
	Protein transport; Golgi vesicle transport; RNA splicing; Translation
	Cytoplasm; Vesicle; Golgi; Cytoskeleton; EIF3; Ribonucleoprotein complex; Plasma membrane part
	Protein binding; Nucleotide binding; RNA binding; actin binding; GTPase activity; Translation initiation factor activity
	Endocytosis



	50–60
	227
	Vesicle mediated transport; Cell cycle progress; Membrane and cytoskeleton organization; Translation elongation; Protein folding
	Cytoplasm; Ribosome; Cytoskeleton; Endoplasmic reticulum;
	Protein binding; Nucleotide binding; RNA binding; GTPase activity; Structural constituent of ribosome
	Aminoacyl-tRNA biosynthesis; Ribosome



	60–70
	272
	RNA processing; Translation; Protein metabolism; Ribosome biogenesis; Protein folding; Ras protein signal transduction
	Cytosol; Mitochondria; Nuclear part; Ribosome; Cytoskeleton; Proteasome complex
	Structural constituent of ribosome; actin and cytoskeletal protein binding; RNA binding; Protein binding; Threonine-type endopeptidase activity.
	Ribosome; Proteasome



	70–80
	170
	Carbohydrate and protein metabolism; Oxidation-reduction process; Cellular respiration; Protein folding; Translation elongation; Acetyl-CoA metabolism;
	Cytoplasm; Mitochondrion; Cytoskeleton; Endoplasmic reticulum part; Proteasome complex; Melanosome
	Peroxiredoxin activity; Oxidoreductase activity; endopeptidase activity; Isomerase activity; Cytoskeletal protein binding; Coenzyme binding;
	Glycolysis/Gluconeogenesis;

Proteasome; Pyruvate metabolism; TCA cycle;



	80–90
	76
	Carbohydrate metabolism; Generation of energy; Carboxylic acid, alcohol, and ketone metabolism;
	Cytoplasm; Mitochondrion;
	Catalytic activity; Monosaccharide binding; Oxidoreductase activity; Isomerase activity
	Glycolysis/Gluconeogenesis



	>90
	97
	Generation of energy; Oxidative phosphorylation; Carboxylic acid, and ketone metabolism; Chromatin organization and DNA packaging
	Cytoplasm; ATP synthase complex; Mitochondrion; Nucleosome; Nuclear membrane; Protein-DNA complex
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Table 5. Gene Ontology annotation of proteins grouped according to their average abundance. Proteins are grouped in 8 arbitrary ranges of abundance (expressed as Log2 of arbitrary units), and the most enriched and significant GO terms (Biological Process, Cellular Component, Molecular Function, and KEGG pathways) are listed for each group.






Table 5. Gene Ontology annotation of proteins grouped according to their average abundance. Proteins are grouped in 8 arbitrary ranges of abundance (expressed as Log2 of arbitrary units), and the most enriched and significant GO terms (Biological Process, Cellular Component, Molecular Function, and KEGG pathways) are listed for each group.













	Relative Abundance

(Log2 A.U.)
	# of Proteins
	Biological

Processes
	Cellular Component
	Molecular Function
	KEGG

Pathways





	>9.0
	202
	Translation elongation; Protein folding; DNA packaging; Cytoskeleton organization; Cell redox homeostasis, Glycolytic process
	Cytosol; Nucleus; Protein-DNA complex; Cytoskeleton; Vesicle; Large ribosomal subunit
	RNA binding; Structural constituent of ribosome; GTP binding; Protein binding; Cytoskeletal and actin binding
	Ribosome; Systemic lupus erythematosus; Pathogenic Escherichia coli infection



	8.0–9.0
	224
	Translational elongation; RNA splicing; Cytoskeleton organization; Protein transport; Small GTPase mediated signal transduction; Generation of precursor metabolites and energy
	Cytoplasm; Actin cytoskeleton; Small ribosomal subunit; Spliceosomal complex; Vesicle
	Protein binding; GTP binding; RNA binding; Cytoskeletal protein and actin binding; Structural constituent of ribosome; Hydrogen ion transmembrane transporter activity
	Ribosome; Spliceosome; Parkinson’s disease



	7.5–8.0
	180
	Intracellular transport; Vesicle mediated transport; Localization; Vesicle and membrane organization; Small GTPase mediated signal transduction
	Cytoplasm; Vesicle; Endoplasmic reticulum; Cytoskeleton; Arp2/3 protein complex; Proteasome core complex; Ribonucleoprotein complex
	Protein binding; Actin binding; RNA binding; GTP binding; GTPase activity; Threonine-type peptidase activity
	Proteasome; Pathogenic Escherichia coli infection



	7.0–7.5
	220
	Intracellular transport; RNA processing and splicing; Translation; Membrane organization; Protein folding; Energy derivation by oxidation of organic compounds
	Cytosol; Endoplasmic reticulum; Vesicles; Endomembrane system; Spliceosomal complex; EIF3 complex
	Protein binding; RNA binding; Translation initiation factory activity;
	



	6.5–7.0
	283
	Nucleotide Metabolism; Heterocycle metabolism; Protein metabolism; Protein folding; RNA splicing; Redox processes; Cellular respiration; Response to oxidative stress
	Cytoplasm; Intracellular organelle part; Macromolecular complex
	RNA binding; Nucleotide binding; NADH dehydrogenase activity; Oxidoreductase activity; Protein binding; Cofactor binding
	Aminoacyl-tRNA biosynthesis; Proteasome; Oxidative phosphorylation; Huntington’s disease; Amino sugar and nucleotide sugar metabolism; Alzheimer’s disease



	6.0–6.5
	261
	Protein transport; Protein metabolism; Carboxylic acid metabolism; Amine metabolism; Mitotic cell cycle; regulation of ligase activity
	Cytoplasm; Mitochondrion; Proteasome complex; Ribonucleoprotein complex; Organelle membrane
	Protein binding; RNA binding; Nucleotide binding; Cytoskeletal proteins and actin binding; Translation initiation factor activity
	Proteasome



	5.0–6.0
	298
	Acetyl-CoA metabolism; Heterocycle metabolism; Nucleotide biosynthesis; carboxylic acid metabolism; Cellular respiration; Protein transport
	Cytoplasm; Mitochondrion; Golgi apparatus part; Envelope
	Catalytic activity; Hydrolase activity; Protein binding; Purine nucleotide binding; Pyrophosphatase activity
	TCA cycle



	<5.0
	135
	mRNA transport; Protein transport; Cellular localization; Oxidation-reduction process
	Cytoplasm; Nuclear part; Envelope
	Purine nucleotide binding; Catalytic activity; Electron carrier activity
	Valine, leucine, and isoleucine degradation
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