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Abstract

:

The process and evolution of an organ transplant procedure has evolved in terms of the prevention of immunological rejection with the improvement in the determination of immune response genes. These techniques include considering more important genes, more polymorphism detection, more refinement of the response motifs, as well as the analysis of epitopes and eplets, its capacity to fix complement, the PIRCHE algorithm and post-transplant monitoring with promising new biomarkers that surpass the classic serum markers such as creatine and other similar parameters of renal function. Among these new biomarkers, we analyze new serological, urine, cellular, genomic and transcriptomic biomarkers and computational prediction, with particular attention to the analysis of donor free circulating DNA as an optimal marker of kidney damage.
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1. Introduction


The process and evolution of an organ transplant procedure has evolved in the prevention of immunological rejection with the improvement in the determination of immune-response genes, including more important genes, more polymorphism detection, more refinement of the response motifs, the analysis of epitopes and eplets, and PIRCHE (predict indirectly recognizable HLA epitopes). These advancements are capable of fixing complements and post-transplant monitoring with promising new biomarkers [1,2,3] and surpassing the classic serum markers, such as creatine and other similar parameters of organ function [4,5,6,7,8,9,10,11,12,13,14,15].



The situation can be improved in the specific case of kidney transplantation (KT), performed to cure end-stage kidney disease. Despite the improvement of immunosuppression with better approaches, better induction and better prevention and treatment options, the appearance of problems post-transplantation, especially subclinical rejection (SCAR), which is more difficult to detect at the time (some authors find rates of 30% diagnosed with biopsy [16]) is still a challenge. It is crucial to favor the control and follow-up of the evolution of the transplant recipient to find new noninvasive biomarkers for the early diagnosis of eventual graft injury, which should be easy to manage, specific, reproducible and clinically validated. A basic list of these hypothetical promising biomarkers and their tentative monitoring times is shown in Figure 1.



Because patient survival is dependent on multiple risk factors, including the severity of the recipient’s primary disease, HLA antigen matching between the recipient and donor and the presence of donor-specific antibodies (DSA) in the recipient that were not detected pre-transplant or developed de novo (dnDSA), as well as other confounding factors related to the donor, the lack of rigorous and accurate real risk assessments makes correct post-implantation follow-up even more difficult. The interaction between the risk factors of the recipient and the donor makes the prognosis of transplant recipients one of the great pending subjects in current transplantology.



Among these new biomarkers, we will analyze and discuss new serological, urine, cellular, genomic and transcriptomic biomarkers and computational prediction, with particular attention to the analysis of donor-derived cell-free DNA (ddcfDNA) [17,18] as an optimal marker of kidney damage, and discussion their limitations and future directions.



To avoid possible biases inherent to our experience in this field, the selection of biomarkers included in our article was based on a rigorous and exhaustive analysis of publications in the scientific literature on transplant monitoring, with various search terms related to this matter, such as “transplant”, “biomarkers”, “monitoring”, “rejection”, “graft survival”, “graft injury” and “graft fibrosis.” Only those biomarkers with more than one report in the literature were finally selected.




2. Serological and Urine Biomarkers


2.1. Classical Markers


Aside from physical examination, we have traditionally used routine serological or urinary markers such as urine volume, evaluation of albuminuria or proteinuria, determination of serum creatinine, estimation of glomerular filtration rate (eGFR) based on serum creatinine and HLA antibody profiling to assess the absence or presence of DSA when a kidney is transplanted. Serum creatinine levels, which rise late in the lesion and are unrelated to the type of lesion, are the most commonly used biochemical parameter [15]. However, serum levels of this parameter are neither sensitive nor specific for determining graft status [16]. Furthermore, serum creatinine levels are neither specific nor predictive when predicting or evaluating the progression of chronic lesions [15]. The gold standard diagnostic test for determining transplanted kidney rejection is a kidney biopsy, which can reveal chronic immune injury, interstitial fibrosis and tubular atrophy [17]. Because of the heterogeneity of processes underlying the same lesion, biopsies have low sensitivity and specificity, a lack of standardization and quantitative thresholds, and even sampling errors [19]. Due to the procedure’s high invasiveness, researchers are looking for more effective immune monitoring or imaging techniques for accurate diagnosis [20,21,22].



For several years, attempts have been made to reduce rejection rates by meticulously serologically monitoring the specificities and titers (via mean fluorescence intensity (MFI)) of anti-HLA antibodies, including their identification with high-resolution tests (single antigens) or the ability to fix complements (C1q and C3d assays) in conjunction with other non-HLA antibodies (ETAr, ATR1,...), and, more recently, new biomarkers for potential use in clinical practice [23].




2.2. New Markers


New serological and urinary markers may seem essential for evaluating renal function post-transplant. Among these, several can indicate damage or renal graft function. Some of the biomarkers that we will analyze in this review are:



Neutrophil gelatinase-associated lipocalin (NGAL). Neutrophils secrete NGAL during an inflammatory response and it functions as an acute-phase protein. NGAL levels in urine (uNGAL) can also be measured; siderophores and metalloproteinase 9 are its primary ligands and markers of acute tubular cell injury [24]. NGAL can also be used to detect kidney damage [25]. The creatinine concentration in urine and plasma rises about 2 h after renal cell destruction [26]. In contrast, NGAL can assess the transplant status a few hours after surgery. Other researchers have discovered that uNGAL was lower in renal recipients who did not have reperfusion injury on the first day after implantation [27]. A decrease in these protein levels on day three was also a good predictor of renal function one month later. Another study [24] concludes that uNGAL may be more helpful in assessing renal function in the first week after KT when combined with other markers. Another study found that NGAL levels in urine and serum could be used to predict kidney damage and as a biomarker of acute kidney injury after transplantation [28]. According to the researchers, patients with acute kidney injury had higher uNGAL levels than patients without acute kidney injury, with a 2 h post-transplant increase. A different group of researchers [29] discovered a significant increase in sNGAL levels on day one in HLA-incompatible KT recipients who developed rejection within a month, demonstrating that uNGAL was the most sensitive marker to detect acute KT dysfunction in a living donor. Finally, according to other authors [30], sNGAL and NGAL/creatinine can be used to estimate kidney and transplant function change.



Kidney injury molecule-1 (KIM-1). KIM-1, also known as T cell immunoglobulin mucin receptor 1 (TIM-1) and found in pathology in the kidney, liver, liver and spleen [31], is involved in T and B cell biology. KIM-1 is thought to aid in diagnosing kidney disease because its extracellular domain is cleaved by metalloproteinases and secreted in urine [32]. According to the FDA [33], the protein is a biomarker of kidney damage caused by nephrotoxic drugs. KIM-1, like NGAL, is found in urine 24 h after exposure to various induced nephrotoxic factors, and its concentration has been shown to influence eGFR values and thus predict kidney damage [34], though other authors disagree [34]. KIM-1 seems to be a good predictor of KT rejection [25]. As a result, another study [35] suggests that sKIM-1 could be used to predict renal failure early in the rejection process. They also discovered that osteopontin (OPN) and sKIM-1 improved the prediction accuracy. Other researchers [36] studied uKIM-1 mRNA expression and urinary and serum KIM-1 proteins in renal recipients with rejection and chronic dysfunction and concluded that KIM-1 could be used to monitor renal recipients, which can help diagnose AR and chronic dysfunction and be an independent factor for predicting transplant loss.



CXCL-10. It is a chemokine secreted by renal graft leukocytes that regulate angiogenesis in conditions such as wound healing, ischemia and neoplasia [37]. It is also a sign of inflammation. CXCL-10 (uCXCL-10) in urine appears to be more sensitive and specific than creatinine in serum [37]. Its levels can aid in the detection of early signs of acute renal failure as well as the diagnosis of noninvasive kidney disease [38]. Many studies on the role of CXCL-10 in renal rejection have been conducted worldwide. According to some authors [26], uCXCL-10 is well-identified in ACR and correlates with plasma creatinine levels. Other studies [39] found that measuring urinary CXCL-10 and creatinine levels, then calculating the ratio of these two parameters, can accurately predict the risk of AMR. Other researchers [40] think children’s CXCL-10/creatinine ratio is a promising biomarker of acute cellular rejection. CXCL-10 mRNA detection in urine [41] has also been proposed as an ideal biomarker of biopsy-confirmed rejection. Other authors believe that measuring these chemokine levels prior to transplantation is critical because high levels in the serum pre-transplant indicate a high risk of rejection and transplant failure [23]. Another study discovered that CXCL-10 serum levels greater than 150 pg/mL prior to transplantation predispose to severe rejection [42], and others discovered that CXCL-10 levels in urine could rise in acute rejection and BK virus infection. This chemokine is unable to differentiate between these conditions [43]. According to another group, CXCL-10 levels rise with BK virus replication and infection-related nephropathy [44].



Cystatin C (CysC). It is a cystatin superfamily proteinase inhibitor or cysteine protease inhibitor that primarily inhibits cathepsins L, B and H and is required for intracellular protein and peptide catabolism [45]. The glomeruli freely filter this protein, reabsorption occurs through reflux and catabolism occurs in the renal tubules [46]. When the renal tubules are damaged, cystatin appears in the urine [47]. It is thought to occur two days before elevated creatinine levels in patients with end-stage renal disease [48]. In acute renal failure, CysC is an excellent marker of renal function, especially as renal function deteriorates and rejection occurs. Other authors [49] have found that determining CysC 14 days after transplantation outperforms creatinine in terms of sensitivity and specificity.



Osteopontin (OPN). BSP-1 (bone sialoprotein) and SPP-1 (secreted phosphoprotein 1) are other names for OPN. OPN, like cytokines, regulates the immune system and is involved in tissue and bone remodeling, inflammation, atherogenesis, cell survival and kidney damage [50]. It is crucial in the development of chronic inflammatory diseases and cancer. Based on plasma, the highest urinary OPN can predict renal function deterioration and estimate the risk of cardiovascular death [51]. Urinary OPN, like NGAL and KIM-1, is a promising biomarker for detecting renal damage in neonates, according to other researchers [52]. It appears to be a promising biomarker in KT rejection because of its critical role in the inflammatory process [53]. Other studies have found higher levels of this protein in KT with AR biopsies [54], and one group believes that OPN levels in plasma predict the severity of ACR in renal recipients. The diagnostic findings corroborated the changes in biopsy age [55].



Clusterin (CLU). Low levels of CLU impair renal function in ischemia–reperfusion disorders by destroying kidney tissue and increasing cell apoptosis [56]. CLU is involved in both the apoptotic and antiapoptotic processes. Other authors [57] argue that it adds nothing new to the discussion. Another study [58] found that urinary CLU could be a useful noninvasive marker for detecting renal damage in children with systemic lupus erythematosus, which predisposes them to end-stage organ failure. CLU was discovered to be a marker of sublethal kidney damage in another study of children undergoing allogeneic stem cell transplantation [59]. Finally, CLU may be an important biomarker when KT function is delayed, with levels rising as early as 4 h after surgery [60].



CXCL13. It is a chemoattractant necessary for forming the germinal center (GC) and alloantibodies. Serum CXCL13 levels can be correlated with HLA antibody formation post-transplantation. With a murine skin graft model, an author co-cultured in vitro follicular helper T cells (Tfh): human B cells to assess CXCL13 production by human lymphocytes in recipients with and without de novo DSA. They found that CXCL13 was detectable in the blood of allografted mice and correlated with B, Tfh and GC cell responses [21] and also observed increased expression of CXCL13 in the draining lymph nodes of allografted mice compared with recipients of syngeneic grafts or without previous treatment. The serum levels also preceded the detection of post-transplant DSA. Similarly, Tfh–human-B-cell interactions, which are very important in plasmablast differentiation and IgG formation, also showed CXCL13 expression. CXCL13 levels in recipients with de novo DSA were higher than in stable recipients, presenting CXCL13 as a potential biomarker for HLA antibodies.



In the same way, another chemokine, CXCL9, has also been implicated in AMR in KT [28].





3. Cellular Biomarkers


3.1. Classical Markers


The classic cellular measurements include the percentages of particular populations, levels of certain molecules in the membrane, the expression of costimulatory molecules (CD28, CD69, CD95...) and the production of soluble or intracytoplasmic cytokines. Many groups, ours in particular, classically have had much experience helping to establish models of these methods, especially in renal, hepatic and cardiac transplantation [26,27,29,31,61,62,63,64].



A procedure that many transplant hospitals routinely incorporate to monitor rejection, infection and immunosuppression based on a cellular-metabolic approach is the ImmuKnow assay [26] (Cylex), which is the only FDA-approved test to assess changes in ATP production by CD4+ T cells over time, a potential marker of receptor status. The results that depend on the activation threshold of CD4+ T cells are reported as usual, high (indicating low immunosuppression and risk of rejection) or low (suggesting excess immunosuppression).




3.2. New Markers


Regarding biomarkers of cellular response, the latest trends in the last ten years are more directed at cells with an eventual regulatory function rather than an effector one per se.



In this way, Tregs lymphocytes, Bregs cells, follicular Th cells (meaningful in the production of antibodies) and myeloid suppressor cells have dominated the transplantation publications in this cellular section in recent years [8,9,24,26,65].



On the other hand, recent studies show a predominance of a Th2 response in grafts with accommodation as opposed to the classic Th1 response in grafts with rejection, and there are also studies in which the presence of regulatory T cells (Tregs) in transplant recipients has been studied in the renal and hepatic fields [24,65]. As previously mentioned, the most referenced is the monitoring of Tregs and Bregs cells post-transplantation, which is an option to optimize transplantation, with interesting publications on the determination of B cell clusters, with an essential role in transitional B cells [26]. These cells modulate the immune response predominantly through IL-10 and possibly BAFF (B cell Activating Factor)-dependent mechanisms [32].



In this sense, hypothetically, sensitized patients who induce these regulatory cells could be considered low-risk and be subjected to a lower level of clinical immunosuppression to avoid its complications over time.



However, there are other cells recently reported as crucial in producing antibodies, such as Tfh cells. They are a subclass of lymphocytes specialized in assisting B cells to produce antibodies in circulating B cell follicles (cTfh) in co-blood [31]. These cTfhs have been associated with developing de novo anti-HLA antibodies (dnHLA) and de novo DSA and with acute and chronic allograft rejection [11].



Bregs appear to prevent the development of Tfhs by expanding follicular Treg cells and inhibiting the Tfh-mediated differentiation of plasma cells in vitro [64]. In this sense, specific imbalances in renal transplantation have been reported among these populations [63].



In addition, many B cell differentiation molecules are also important in these processes, as recently reported [33]. Thus, BLYS-BAFF modulates the survival and proliferation of B cells through three receptors: BR3/BAFF-R, TACI and APRIL. This one also joins BCMA. In addition, BAFF activates NFkB by binding to BCMA and TACI and increases the expression of Bcl-2, inhibiting cell apoptosis [16].



Most of the cellular and molecular pathways converge on molecules common to pathways of activation and proliferation or suppression and apoptosis. These essential molecules are involved in the differentiation, maturation and activation of B cells to produce antibodies.





4. Genomic and Transcriptomic Biomarkers


4.1. Classical Markers


In recent years, the biomedical research community has attempted to respond by leveraging the power of omics platforms and generating big data, allowing for the measurement and analysis of large-scale molecular signatures from tissue biopsies and circulating cells [33,65,66,67]. Despite its small size, it can boast two predictive tests, the AlloMap [68] and AlloSure [69] assays, and other assays found in clinical trials, such as the SignateraTM and ProsperaTM trials. Other novel noninvasive organ evaluation tools have recently been proposed, such as donor plasma mitochondrial DNA (mtDNA), which can be easily tested prior to transplantation and may be a promising predictive biomarker for delayed graft function (DGF) [70]. Six months after RT, the linear prediction model, which included mtDNA in plasma, creatinine in donor serum and warm ischemia time, demonstrated a high noninvasive predictive value for DGF reduction and graft function, as well as a correlation with graft survival.




4.2. New Markers


The first example of how transcriptomics can improve transplant precision medicine is the AlloMap gene expression profiling test. AlloMap was approved as a Class II Medical Device by the FDA in 2008. In the absence of endomyocardial biopsy support, it is a blood test that analyzes and quantifies the gene expression levels of a panel of 11 genes in peripheral blood mononuclear cells, yielding a score that can categorize cardiac recipients as having a higher or lower risk or probability of developing ACR. In stable patients between 6 months and five years after heart transplantation, this AlloMap assay can rule out the presence of grade 2R or greater acute cellular rejection [71].



TruGraf® (Transplant Genomics, Framingham, MA, USA), Viracor TRAC® (Eurofins Viracor, Lenexa, KS, USA), OmniGrafTM (Transplant Genomics, Framingham, MA, USA) and QSant (Nephrosant, San mateo, CA, USA) are some of the other assays used in biopsy detection techniques [72]. Three months after the transplant, TruGraf® detects differential gene expression in peripheral blood to monitor recipients with stable renal function and to guide immunosuppressive therapy optimization in hepatic recipients. Other clinical trials, such as INTERCOMEX (NCT0129 9168) conducted prospectively by the Alberta Transplant Applied Genomics Center (ATAGC), have produced promising results, opening a new paradigm in biopsy evaluation. Using blood RNA sequencing in kidney recipients enrolled in the Genomics of Chronic Allograft Rejection (GoCAR) prospective cohort study, a panel of 23 genes was identified to assess the risk of pre-kidney-transplant rejection and customize the immunosuppressive regimen [73]. A new noninvasive assay that detects a specific panel of metabolites in urine can predict kidney graft rejection in a multicenter prospective observational study (PARASOL) [74]. Another prospective study in multicenter cardiac recipients used histopathology, immunostaining, DSA antibodies at the time of biopsy and microarrays to examine graft gene expression [75]. Tissue-based analysis of pathogenic transcripts expressing NK cell, endothelial cell, macrophage activity and INF effects allowed for accurate AMR classification and quantification of injury and disease activity [75].



On the other hand, several articles point to the role of miRNA expression in kidney transplantation and suggest their role in acceptance or rejection and their utility as biomarkers [76].



Several miRNAs have been identified in biopsies or blood mononuclear cells of patients with AMR in renal RT [48]. Thus, post-KT miRNA deregulation has been reported [77], as has the existence of miR-142-3p overexpression in blood in patients with operational tolerance. This observation reinforced the hypothesis that miR-142-3p might play a regulatory role in T cells by controlling leukocyte activation. In addition, miR-155 contributes to Rituximab resistance by inducing cell-survival signals [76]. Naturally, other phenomena could occur after transplantation, including ischemia and reperfusion, cellular rejection and disease recurrence, and miRNAs could be associated with these phenomena. Thus, in KT, miR-142-5p demonstrated its presence in chronic AMR and is overexpressed in ACR biopsies, and miR-142-3p was associated with interstitial fibrosis and tubular atrophy in urine, and miR-338-5p in serum [76]. We also recently published studies of microRNAs in KT [34]. We detected decreased miR-150-5p, and with computational prediction, we designed an interaction–repression model of this miR150-5p with the methyl-CpG binding domain protein 6 (MBD6), as well as proteins that are regulated by it, such as MBDA, ASXL2, FOXK2, KDM1B, BAP1 and HCFC1. On the other hand, the presence of free circulating DNA (cfDNA) has been described in transplant rejection, with remarkable impact in recipients of heart, kidney, liver and recently lung transplants [19,35], where it can become a noninvasive test of rejection, infection and immunosuppression. We will expand on this phenomenon as an isolated epigraph in the last section of this review of biomarkers.



Lastly, epigenetics has also been associated with post-transplant evolution with DNA methylation phenomena regulating processes and pathways involved in its evolution [36,37]. Surely this field will be especially novel for future studies.





5. Computational Prediction Biomarkers


5.1. Classical Markers


There are few “classical” approaches to computational prediction biomarkers; among them are Rene Dusquesnoy’s HLAmatchmaker tools [5] and Histocheck in the case of bone marrow transplantation [78], although they are somewhat indirect measures. The Predicted Indirectly Recognizable HLA Epitopes (PIRCHE-II) algorithm can also be used to calculate the number of theoretical T cell epitopes available for donor–recipient combinations for indirect allorecognition [8]. These are the pioneers of computational transplantation prediction. In any case, the first goal should be to develop personalized predictive models that consider both the giver’s and the recipient’s unique characteristics. The recent adoption of electronic health records (EHR) and artificial intelligence (AI) in organ transplant medicine is encouraging, as there are a variety of data-driven workflows available to build such predictive models from clinical data [79]. Aside from AI, recent advances in NGS indicate the possibility of discovering new biomarkers reflecting immune-related mechanisms underlying graft failure and acute and chronic rejection events [13].



Computational models in kidney transplantation can be used to explore different scenarios and optimize the outcome of kidney transplantation [80,81]. These models can help improve the effectiveness of patient selection, evaluate the risk of complications and improve the long-term outcomes of kidney transplantation [80]. Models can also be used to identify potential improvement opportunities in the current transplantation process, such as improving the matching of donors and recipients, maximizing the use of available resources and optimizing the timing and sequencing of transplantation [82]. The proposed computational models are not exclusive to renal transplantation; currently, the field of application in biomedicine is vast [83,84].




5.2. New Markers


An important point is the lack of noninvasive SCAR biomarkers for KT recipients since it can only be diagnosed by protocol biopsy and is correlated with worse KT outcomes. In this sense, there are investigations to study these processes that are so difficult to diagnose. There are articles with simulation, computational prediction and managing Gene Expression Omnibus (GEO) databases as training and validation cohorts. Subsequently, stepwise logistic regression methods can be applied to build a particular genetic signature of each process and/or study group for any critical event in transplantation that we want to analyze [10,85]. The obtained biomarkers can be filtered using automatic learning algorithms, resulting in genes that can be extrapolated to the cell populations in question, as well as develop and validate a new noninvasive signature of the genes obtained to diagnose SCAR or any other event as potential tools for clinical practice and to perform a timely intervention, as suggested [66]. Interactions can be represented graphically using nodes (circles) representing components (genes, proteins, metabolites, etc.) and edges (links) representing interactions of physical/regulatory connections between two nodes [19,35]. Several recent publications [19,86] have covered and reviewed the fundamental principles of network medicine, the network’s main topological measures (e.g., node degree, betweenness centrality and closeness centrality) and examples of experimental pipelines and their potential clinical utility. Innovative interaction-based approaches that link these molecular signatures obtained by different groups with pathology development and clinical events to demonstrate that potential new biomarkers are targeted to networks useful for the diagnosis and classification, stratification, and prognosis of various pathologies that disable the organ in question and whose only terminal treatment is organ transplantation are successful examples. These pathologies include atherosclerosis, hypertrophic cardiomyopathy, chronic kidney disease, chronic liver disease and cancer [56,87,88]. In any case, graft rejection remains a significant cause of complications, and these preliminary studies can help use these GEO databases to identify potential new drug targets, as suggested by our group and others [34,89,90,91]. Researchers discovered that a panel of six core genes, including DOCK2, NCKAP1L, IL2RG, SLAMF8, CD180 and PTPRE, were upregulated in AR vs. NAR patients and correlated with IFN response and inflammatory response using the Weighted Gene Coexpression Network Analysis (WGC-NA) algorithm to analyze microarray data [8].



Furthermore, the WGCNA algorithm was used to identify rejection-related modules and core genes in three KT-related gene datasets (GSE46474, GSE15296 and GSE14067 from GEO) [85]. CD200R1, VAV2, FASLG, SH2D1B and RAP2B have been identified as potential network-oriented biomarkers for detecting post-KT rejection [89]. By integrating transcriptomic and metabolomic signatures of biological samples isolated from liver transplant recipients, a WGCNA-derived PPI network predicted that overexpression of pyruvate kinase L/R could significantly impact transplant prognosis [90].



The application of interactions promises to be ideal for identifying rejection with these new potential biomarkers or drug targets and allow us to discard the hackneyed hypothesis of a “gene interaction” disease [26,66]. Finally, we must work on undefined bioinformatic processes such as analyzing interest interactions, obtaining problem genes of a specific pathology using online databases and previous bibliography, defining modules, enriching hundreds of pathways and molecular mechanisms and clinical validation, estimation and prediction of the obtained results [92,93]. The STRING database [94] and DisGeNET, which contain genes associated with human pathologies, can also integrate known and expected physical/functional interactions between proteins. One strategy would be to use Cytoscape, an open-source software platform, to generate a graphical representation of key factors, significant nodes and molecular pathways that could benefit from further experimental validation [91]. As a network medicine paradigm, it would be advantageous to conduct a comprehensive multiomic analysis of graft recipients’ blood cells or a biopsy before and after transplantation to determine which genes and/or pathways can be predictive of clinical events and to design prospective multicenter studies to consolidate these computational markers for clinical event prediction in transplantation [38,85,91].





6. Cell-Free DNA Biomarkers


6.1. History


DNA micro-chimerism, or the mixing of donor and recipient cellular material during transplantation, was discovered for the first time in the 1990s [95]. Lo et al. [96] isolated Y-chromosome genetic material from female transplant recipients’ circulating plasma in 1998, progressing from probe-based cytostaining and cell homogenates to detecting cell-free DNA. It was the first time donor-specific cell-free DNA (ddcfDNA) was found in a transplant and an early indication that accurate donor genotype assumptions could be beneficial. Molecular methods made a breakthrough in distinguishing donor and recipient DNA, initially focusing on HLA-specific quantitative PCR. The technique’s ability to distinguish between HLA-compatible recipient–donor pairs was limited [97]. Following that, detecting ddcfDNA with microfluidic digital PCR proved helpful in accurately detecting differences in SNP frequencies between donor and recipient [92], but complete donor/recipient genome sequencing, resources and a significant time commitment were required. The development of population-level underestimation of allele frequencies derived from the Human Genome Project was the next significant step toward ddcfDNA becoming a clinically valuable tool in transplantation [26,31]. It was then demonstrated that they could be obtained without requiring complete donor genotyping [64]. In the same year [63], the feasibility of quantifying ddcfDNA without a complete recipient or complete donor genotype was demonstrated by interrogating only 266 SNPs. In the United States, there are currently three commercially available ddcfDNA assays for clinical use in renal transplantation: AlloSure from CareDx, Prospera from Natera and TRAC from Viracor Eurofins [96]. The main difference between these tests is the number of SNPs measured [98], which requires comprehensive blood analysis at a centralized laboratory. Increased ddcfDNA predicts AMR better than T-cell-mediated rejection regardless of platform, a poorly understood phenomenon. At validated thresholds, ddcfDNA is more sensitive to antibody-mediated rejection. This could be because a component-activated membrane attack complex is recruited, resulting in cell lysis and the release of additional intracellular debris, including cfDNA [93]. The targeting of endothelial microvasculature can also result in an ischemic environment, which contributes to necrosis. In T-cell-mediated rejection, phagocytosis after apoptosis can sequester more intracellular contents, resulting in less measurable cfDNA despite graft injury. Finally, the absence of ddcfDNA outperforms the presence of ddcfDNA in predicting allograft rejection, which may be one of the reasons for rejection. This discovery has been replicated by several groups [29]. As a result, the primary clinical utility, in keeping with the original intent, is ruling out rejection suspicion and confidently avoiding unnecessary biopsy.




6.2. Is It Useful and Where Is cfDNA Analysis Headed?


In a 2020 retrospective study, Goussous et al. [99] linked ddcfDNA elevations to concomitant BK viremia; however, the incidence was not high enough for statistical purposes. Kant et al. [100] investigated the effect of BK viremia and concurrent rejection on ddcfDNA levels. Despite a positive correlation between BK viremia and ddcfDNA levels, rejection did not affect BK viremia patients’ ddcfDNA levels. Although it is thought that cell injury increases ddcfDNA levels, there is currently insufficient research to define the pathophysiology of insults that affect ddcfDNA levels but are not mediated by rejection. Furthermore, because the initial validation studies were conducted when rejection was suspected and a biopsy was performed, the optimal ddcfDNA levels for specific post-transplantation periods are unknown. Several recipient and donor factors interact (for example, DSA and repeat transplant status). Attempts to define a “normal” range of ddcfDNA in transplant recipients with no suspicion of rejection yielded a median value of 0.23%, with a wide range ranging from 0.2% to 1.2% [101]. Because many of these “normal” values are higher than the recommended cut-off points for detecting rejection, the value of ddcfDNA in a recipient with excellent and stable graft function is unknown. As clinical ddcfDNA experience grows, concerted efforts to fine-tune the optimal use of this test should occur. Among them are monitoring the NPV response to chronic rejection treatment, easing immunosuppression regimen transitions and identifying states of graft immunosenescence. Previously, serial ddcfDNA measurements were proposed as a possible adjunct to post-biopsy treatment to monitor the response to rejection treatment [102]. Cedars-Sinai Medical Center researchers are currently studying the use of ddcfDNA (NCT03859388) in assessing the treatment response for chronic antibody-mediated rejection (ABMR). Anti-DSA and a biopsy with histological confirmation are required for the correct diagnosis of ABMR. DSA, serum creatinine and renal biopsies are currently used to assess treatment response [103]. However, only a tiny percentage of ABMR patients will see a reduction in DSA due to treatment. Furthermore, patients with chronic ABMR may have elevated DSA levels despite evidence of normal renal function and biopsy rejection. The study’s recruitment phase is now complete. The findings are set to be published early next year. Other clinical trial data-collection consortiums, such as the CTOT or the iGeneTRAiN program, could help improve those diagnoses [51]. CareDx-funded researchers hope to use ddcfDNA to distinguish between a healthy person’s resting immune status and suspected rejection. The ADMIRAL multicenter observational study (NCT04566055) will validate previously collected clinical trial data to determine the efficacy of ddcfDNA as a predictor of long-term graft survival [34]. Although there was no statistical difference between the non-rejection and biopsy-proven rejection groups in serum creatinine levels, the non-rejection group had significantly higher levels of low ddcfDNA than the biopsy-proven rejection group.



Furthermore, ddcfDNA was linked to the subsequent development of de novo DSA when the threshold was reduced to 0.5%. The preliminary data on ddcfDNA’s utility in early subclinical surveillance and rejection detection are promising. Figure 2 depicts a hypothetical integration scheme of the various approaches we have seen and reviewed as a final point for integrating all the parameters analyzed in this review.





7. Conclusions


In this comprehensive review, we attempt to provide an up-to-date status of the various biomarkers of various origins that may play a role in the evolution of the transplant. As shown in Table 1, the main findings for monitoring serological, cellular and genomic biomarkers in transplantation, computational prediction models and the role of cell-free DNA in transplant outcomes are compiled.



To identify optimal application scenarios, practitioners’ real-world experiences and advances in the field based on biology and logic, such as early immunosuppression methods, are required. To assist as many patients as possible, evolving standards of care must be used, as well as pushing the boundaries of what is possible, and ddcfDNA is no exception.



ddcfDNA is an exciting new tool in transplantation because of its ability to exploit DNA properties such as specificity and traceability through ancestral lineages, and it is not surprising that we have not figured out how to use it optimally yet. Furthermore, when dealing with unintended consequences for patients, the monetary and other costs of testing must be balanced against the beneficence and nonmaleficence principles. In allogenic transplantation, omics technologies, ddcfDNA analysis and computational model designs are likely to be an integral part of future multifaceted testing strategies such as DSA (both anti-HLA and non-anti-HLA), gene expression (biopsy tissue and peripheral blood), analysis of resolving urinary parameters and biomarkers and other future tests. The main issues may be the absence of these biomarkers in clinical practice, the lack of standardized protocols that allow for intercomparisons and validations and the high cost and time consumption of current detection methods. However, we must incorporate research-based technologies to monitor transplantation’s evolution into our services to provide the best health care to our recipients.



An essential problem in the routine clinical practice of the evolution and results of transplantation, not only in research, is the high economic cost of some of these markers. Some serological biomarkers are non-commercial and economical, depending on having an immunology laboratory with experience in their implementation and standardization. The commercials show affordable prices. Regarding the cost of cellular methods, one must be aware that it will depend on the number of these monoclonal antibody markers (CDs) for flow cytometry. An extensive panel of these markers can make their use expensive in routine clinical practice. These must be truly informative for the evolution of the graft in order to make its implementation viable as a routine.



Regarding genomic and transcriptomic markers, their handicap is their high price, especially gene expression profiles, methylation analyses or miRNA expression. The analysis of circulating DNA is also relatively high-cost for its implementation in routine clinical practice for all patients who want to assess the graft status. In this sense, we believe that basic parameters such as alterations in serological markers that are very easy and relatively cheap to evaluate, either informative cell markers or computational approaches, may precede the use in selected patients of these other much more expensive genomic and transcriptional technologies.
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Figure 1. Biomarkers in allotransplantation with a virtual example of hypothetical promising biomarkers and their eventual pre- and post-transplant monitoring time. cfDNA, cell-free DNA; ddcfDNA, donor-derived cell-free DNA; DSA, donor-specific antibodies; HLA, human leukocyte antigens; miRNA, microRNA. C3d: Final degradation product of the third component of complement (C3). m-cfDNA: mitocondrial cfDNA. 
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Figure 2. Design of approximate strategies for future biomarkers in donor and recipient pairs in an organ allotransplantation with a small blood sample and/or urine extraction. cfDNA, cell-free DNA; ddcfDNA, derived-donor cell-free DNA; DSA, donor-specific antibodies; miRNA, microRNA; mtDNA, mitochondrial DNA; qPCR, quantitative PCR; NGS, next-generation sequencing; m-cfDNA, mitocondrial cfDNA. 






Figure 2. Design of approximate strategies for future biomarkers in donor and recipient pairs in an organ allotransplantation with a small blood sample and/or urine extraction. cfDNA, cell-free DNA; ddcfDNA, derived-donor cell-free DNA; DSA, donor-specific antibodies; miRNA, microRNA; mtDNA, mitochondrial DNA; qPCR, quantitative PCR; NGS, next-generation sequencing; m-cfDNA, mitocondrial cfDNA.



[image: Ijms 24 03908 g002]







[image: Table] 





Table 1. Compilation of the main findings used for monitoring of serological, cellular and genomic biomarkers in transplantation, computational prediction models and role of cell-free DNA in transplant outcome.
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Serological and Urine

Biomarkers

	
Cellular

Biomarkers

	
Genomic and Transcriptomic

Biomarkers

	
Computational Prediction Biomarkers

	
Cell-Free DNA

Biomarker




	
Classical Markers

	
New Markers

	
Classical Markers

	
New Markers

	
Classical Markers

	
New Markers

	
Classical Markers

	
New Markers

	
New Markers






	
Physical examination

	
Neutrophil gelatinase-associated lipocalin in urine (uNGAL)

	
Expression of costimulatory molecules (CD28, CD69, CD95...)

	
Monitoring of Tregs and Bregs cells post-transplantation

	
AlloMap and AlloSure assays

	
AlloMap gene expression profiling test

	
Rene Dusquesnoy’s HLAmatchmaker tools

	
Stepwise logistic regression methods

	
Donor-specific cell-free DNA (ddcfDNA)




	
Kidney biopsy

	
Kidney injury molecule-1 (KIM-1)

	
Production of soluble or intracytoplasmic cytokines

	
Determination of B cell clusters

	
SignateraTM and ProsperaTM trials

	
TruGraf® (Transplant Genomics)

	
Predicted Indirectly Recognizable HLA Epitopes (PIRCHE-II) algorithm

	
GEO databases, Weighted Gene Coexpression Network Analysis (WGC-NA) algorithm

	




	
Albuminuria

	
CXCL-10

	
ImmuKnow assay (Cylex) to assess changes in ATP production by CD4+ T cells

	
Circulating B cell follicles (cTfh)

	
Donor plasma mitochondrial DNA (mtDNA)

	
Viracor TRAC® (Eurofins Viracor)

	

	
STRING database

	




	
Proteinuria

	
Cystatin C (CysC)

	

	
B cell differentiation molecules (BR3/BAFF-R, TACI and APRIL)

	

	
OmniGrafTM (Transplant Genomics)

	

	
DisGeNET

	




	
Determination of serum creatinine level

	
Osteopontin (OPN)

	

	

	

	
QSant (Nephrosant) assay

	

	
Cytoscape software

	




	
Estimation of glomerular filtration rate (eGFR)

	
Clusterin (CLU)

	

	

	

	
miR-142-3p, miR-155, miR-142-5p

miR-338-5p

miR-150-5p

	

	

	




	
HLA antibody profiling

	
CXCL13
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