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Abstract

Purpose of review: Transplant pathology contributes substantially to personalized treatment of 

organ allograft recipients. Rapidly advancing next generation HLA sequencing and pathology are 

enhancing the abilities to improve donor/recipient matching and allograft monitoring.

Recent findings: This review summarizes the workflow of a prototypical patient through a 

pathology practice, highlighting histocompatibility assessment and pathological review of tissues 

as areas that are evolving to incorporate next generation technologies while emphasizing critical 

needs of the field.

Summary: Successful organ transplantation starts with the most precise donor-recipient 

histocompatibility matching. Next generation sequencing provides the highest resolution donor-

recipient matching and enables eplet mismatch scores and more precise monitoring of specific 

DSAs that may arise after transplant. Multiplex labeling combined with hand-crafted machine 

learning is transforming traditional histopathology. The combination of traditional blood/body 

fluid laboratory tests, eplet and DSA analysis, traditional and next generation histopathology, and -

omics-based platforms enables risk stratification and identification of early subclinical molecular 

based changes that precede a decline in allograft function. Needs include software integration of 

data derived from diverse platforms that can render the most accurate assessment of allograft 

health and needs for immunosuppression adjustments.
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INTRODUCTION

Precision medicine, defined by the Precision Medicine Initiative [1], is “an emerging 

approach for disease treatment and prevention that takes into account individual variability 
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in genes, environment, and lifestyle for each person [2, 3].” Transplant pathology epitomizes 

this initiative by generating a comprehensive data pool of patient information, driving 

downstream analyses to improve individualized patient management, especially in 

immunosuppression (IS) management. In this overview, various sections follow a 

prototypical patient through a pathology practice where critical data inputs are generated to 

enable individualized patient care: histocompatibility assessment; clinical laboratory testing, 

including routine blood chemistries and molecular profiling of blood and body fluids; tissue 

genomic testing; and tissue staining and analyses using automated morphometry and 

artificial intelligence (Figure 1).

Next Generation Sequencing in Histocompatibility Assessment

The major barrier to successful solid organ transplantation (and its solution) is known: solid 

organ allografts reject because of Human Leukocyte Antigen (HLA) genetic disparities 

between the donor and recipient. Better matching lessens the risk; HLA identity eliminates 

the risk. The HLA genomic locus (the most polymorphic human gene locus) is the driving 

force behind cellular and humoral immune responses leading to allograft rejection, which 

requires lifelong IS. Preservation methods for most organs make it impractical to mandate 

improved histocompatibility assessment. The combination of advances in organ preservation 

(e.g. extra-corporeal perfusion [4]) and a renaissance in effective and practical genetic 

manipulations (e.g. siRNA reagents [5]) should change this approach. Considerations of 

original disease, age, gender [6] and more precise molecular characterization of the donor-

recipient differences can be used to individualize long-term IS management [7].

Traditional histocompatibility assessments for solid organ transplantation rely on low-level 

resolution typing such as reverse sequence-specific oligonucleotide probes (SSOP) that can 

distinguish the various HLA antigens (e.g. A2, A3) through DNA hybridization. This 

approach relies on analysis of small HLA gene segments that fail to distinguish among HLA 

alleles (e.g. HLA-A*02:01, HLA-A*02:03). Several reviews emphasize next generation 

sequencing (NGS) superiority in defining HLA mismatching in solid organ transplants based 

on precise molecular allele typing as compared to antigen-level typing [8, 9]; but application 

to a standard of care protocol remains debated [10].

Duquesnoy’s HLAMatchmaker algorithm is the most frequently used software for 

determining donor/recipient molecular mismatches [11]. It identifies small patches of 

polymorphic surface-exposed amino acids named “eplets” on each HLA allele and compares 

donor and recipient molecules to quantify the number of mismatched eplets [12]. Pre-

transplantation, the level of HLA Class II antigens HLA-DR and HLA-DQ eplet 

mismatches, enables recipient risk stratification for development of de-novo, donor-specific 

HLA antibodies (DSA), antibody-mediated rejection (AMR) and graft failure [13, 14]. Post-

transplantation, the degree of molecular HLA mismatch can guide IS management, 

including decisions on minimization [7].

Traditionally, anti-HLA specificity was based on families of HLA antigens. Antibodies to 

allele-specific epitopes, recognizing variations at the amino acid level, are prevalent in 

sensitized patients [10]. HLA antibodies are directed to epitopes that can be determined by 
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amino acid residues encoded by various HLA alleles. NGS-based histocompatibility 

assessment was helpful for risk assessment in 21-41% of transplant candidates and in 

21-27% of cases of post-transplant DSA assessment [15].

High-resolution typing is essential for accurate assignment of antibody specificity, 

determination of allele-specific DSA, and facilitating pre-transplantation virtual crossmatch. 

High-resolution typing may be imputed from low-intermediate resolution typing, but this 

approach is limited to specific loci and various ethnic minority groups [15, 16]. United 

Network of Organ Sharing (UNOS) organ allocation relies on unacceptable antigens, and 

panel reactive antibody (cPRA) calculated with donor antigen frequencies. Patients with 

allele-specific antibodies are often under- or over-estimated for their true cPRA. An organ 

allocation system based on genomic alleles or specific HLA epitopes instead of whole 

protein-based antigens should be the future of precision medicine in transplantation [13].

Incorporating high-resolution NGS-based histocompatibility assessment facilitates 

implementation of precision medicine in solid organ transplantation, enables the best donor-

recipient matches, and minimizes potential DSA development and organ rejection. NGS is 

approaching cost-neutrality with low-resolution typing methods, facilitating wide utilization 

in clinical practice to provide the most precise histocompatibility assessment for organ 

transplantation. However, the current three-day turnaround time, renders NGS only suitable 

for routine typing. A fast, high-resolution histocompatibility assessment method needs to be 

developed for deceased donors.

Allograft Monitoring: Body Fluid -Omics and Tissue Analytical Platforms 

and Analyses

In addition to “for cause” assays, our institution performs routine surveillance biopsies and 

follow-up DSA testing of heart, kidney, and liver allograft recipients at organ-appropriate 

intervals following transplantation. Biopsy-derived data are critical for personalizing patient 

care by capturing early subclinical signs of allograft injury (e.g. subclinical rejection) and 

for genotype-phenotype correlations with NGS donor-recipient matching.

We recently reviewed genomic, staining and imaging technologies used to monitor allograft 

rejection and health [17]. We divided these platforms into “non-invasive” and “invasive” 

transcriptomics platforms, on the basis of whether allograft tissue was required for the 

analyses. Non-invasive platforms (e.g. blood- and body fluid-based) have the advantages of 

safety, global organ assessment, minimizing sampling errors, and the ability to conduct 

serial measurements, albeit only indirectly monitoring the allograft [17]. Invasive non-

histopathology platforms (e.g. mRNA based) tout objectivity, greater accuracy, precision, 

and mechanistic insights compared to traditional tissue pathology. However, thresholds for 

tissue-based diagnoses are arbitrary, not clinically validated, and confirmation of quantitative 

reproducibility is limited. It fails to analyze the broad spectrum of cases seen in a typical 

pathology practice. Both non-invasive and invasive non-histopathological tissue analytics 

have the major disadvantage of loss of spatial and inferred temporal context [17].
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Nonetheless, non-invasive urine and blood-based -omics biomarkers have potential as 

screening tools, but blood mRNA profiles can reflect diet, the gut microbiome, endogenous 

metabolism, and renal clearance [18]. Urine specimens are subject to in-situ degradation of 

molecules within the urinary bladder before the specimen can be collected. Once a screening 

test becomes positive, a biopsy remains essential to: (a) confirm the diagnosis of intra-graft 

diseases (e.g. rejection); (b) rule out other inflammatory diseases; and (c) evaluate the extent 

of structural compromise by necrosis or fibrosis. Many diseases (e.g. glomerulonephritis, 

diabetic nephropathy, pyelonephritis, BK virus nephropathy, and vasculitis) can only be 

diagnosed by a biopsy. Biopsy-based histopathologic examination remains essential for 

evaluating allograft dysfunction.

Early diagnosis of subclinical rejection by protocol biopsies allows prompt intervention to 

maximize graft longevity. Conventional or traditional histopathology has limitations: (a) it is 

currently non-quantitative and subjective to interpretation with need for experienced 

pathologists which can result in significant inter-observer variability; (b) reliance on light 

microscopy, alone, fails to interrogate molecular changes that precede morphologic lesions; 

and (c) histopathologic lesions are not absolutely specific and resolution of the differential 

diagnosis requires additional laboratory studies, including immunohistochemistry, and 

possibly, ultrastructural evaluation of fine tissue structures (e.g. glomeruli).

Most tissue-based -omics studies used DNA microarray technology on fresh frozen tissue. 

Initial validation studies based on a full tissue core taken specifically for molecular analyses 

were promising, but attempts to implement the assays in a “real world” clinical setting 

unveiled limitations due to dependence on a small 3-4 mm tissue fragment taken from a 

longer core sent for routine histology [19]. While small fragments might be adequate to 

diagnose diffuse disease [e.g. acute tubular injury, well-developed acute T-cell mediated 

rejection (TCMR)], they do not perform well for focal lesions, seen in up to 37% of biopsy 

cores [20].

One study reported microarray-based diagnoses to have a sensitivity of 62% and a positive 

predictive value of 45% for a diagnosis of TCMR in biopsies that averaged 3-mm in length 

[21]. The authors concluded that the molecular data was more correct; an alternate 

explanation is that the tissue taken for molecular analysis did not have focal TCMR lesions. 

Data purporting to show reproducibility of the microarray measurements [22] must be 

interpreted knowing that tissue fragments, measuring only a few mm in length, cannot 

capture the variation seen in whole biopsy cores examined microscopically.

Sampling issues have led some investigators to use multiplexed color-coded “NanoString” 

probe-based gene expression on full-length cores of formalin fixed paraffin embedded 

kidney biopsies [23]. Limitations to this method include: (a) no gene amplification, (b) 

limited numbers of interrogated genes, and (c) technical problems inherent to working with 

mRNA. Proteins, the final effectors of disease pathogenesis, are more stable than mRNA and 

measured more accurately over a wide dynamic range, with inexpensive assays [24]. Human 

tissues show significant quantitative differences between mRNA and protein expression [25, 

26]. Investment in the development of proteomics-based assays are important as a 
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complement to, or substitute for, mRNA-based assays. Mass spectrometric techniques are 

feasible for analysis of formalin fixed biopsies [27].

“Subjective” biopsy interpretation areas that might benefit from development of -omics 

based tests include biopsies with: (a) findings “indeterminate” for TCMR [28]; (b) extensive 

“non-specific” scarring where inflammation may be discounted; (c) concurrent pathology 

where light microscopy cannot determine whether or not the observed inflammation a 

response to allogeneic antigens (e.g. BK virus nephropathy, non-specific portal 

inflammation in liver allografts; < 2 R TCMR in cardiac allografts); and (d) findings 

suspicious for AMR, but where C4d stain is negative, and DSA testing has not been 

performed.

Image Analysis through Engagement of Machine Learning and Artificial 

Intelligence

Most anatomic pathology divisions focus on rapid turnaround of staining and interpretation 

of routine histochemical (e.g. H&E, PAS, trichrome, silver) and single colorimetric 

immunohistochemistry assays (e.g. C4d, CK7). Tissue pathologists assimilate multi-

platform data extracted from electronic medical records (EMR) including (Figure 1): (a) 

demographic data, (b) transplant specific information (e.g. original disease, type of donor 

and transplant operation, and time since transplantation), (c) pharmacologic data (e.g. type 

and serum IS drug levels, patient compliance), (d) organ function tests (e.g. ALT, AST, 

GGTP, serum creatinine, platelet counts), (e) tests of donor humoral reactivity (e.g. DSA), 

and (f) radiological imaging studies of parenchymal findings and excretory conduit patency 

(e.g. organ ultrasounds, magnetic resonance cholangiopancreatography). Manual data 

compilation and integration into diagnoses requires attention to detail and is time-

consuming. Efforts to streamline this process are hampered by cultures that re-enforce 

commercial EMR platform silos that lack data harvesting capabilities for integration with 

multiplatform analyses.

We have been adapting to criticisms of traditional histopathology practices. Histopathologist 

biopsy “scoring” is conducted using predefined templates where semi-quantitative 

assessments (e.g. mild, moderate, severe inflammation; Banff kidney and liver lesional 

scores; apoptotic counts in intestinal allografts) are translated into analyzable “digital” 

metrics by directing the pathologist toward specific findings (e.g. kidney scoring template 

[29, 30]). This has been employed in our clinical workflow for more than 25 years.

Our most recent adaptation is an “automated scoring sheet” for Banff categorization of 

kidney allografts biopsies (Figure 2). Pathologists evaluate kidney allograft biopsies using 

Banff lesional criteria (e.g. percent total inflammation, number of inflammatory cells in 

tubules, percent interstitial fibrosis) [29]. The software translates criteria findings into Banff 

lesional scores [glomerulitis (g), inflammation severity (i), tubulitis (t,), vasculitis (v), etc.; 

[31]], which are combined and further translated into diagnostic categories (normal; AMR; 

suspicious for and diagnostic of TCMR; interstitial fibrosis/tubular atrophy; and other, non-

rejection-related findings). These automated scoring sheets minimize human error during 

biopsy scoring and diagnosis and improve inter-observer agreement.
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Digital-based assessments of standard stains (e.g. steatosis quantification [32]) are proving 

to be more reliable in the clinical setting. Transplantation histopathology is evolving toward 

next generation pathology (NGP), defined as multiplex tissue staining, high-resolution 

digital imaging, and automated image analyses (reviewed by us [17] and others [33–37]). 

NGP enables the identification of sub-visual clues such as spatial and inferred temporal 

context, and extends the capabilities of pathologists to: a) augment natural conceptualization 

abilities of humans; and b) engage non-pathologist specialists to advance the field (e.g. 

image analysis experts, mathematicians, biostatisticians, system scientists; [17]).

The current state of digital transplantation histopathology was recently and comprehensively 

reviewed by Girolami et al [38], including use in donor evaluations and post-transplant 

monitoring [38]. Most studies highlighted the reliability between traditional light 

microscopy and digital microscopy to validate reviewing donor and recipient biopsies [38], 

thus supporting the use of digital pathology in the transplantation setting [38].

Image analytics are advancing through the use of deep learning and convolutional neural 

networks to recognize tissue compartments (e.g. glomeruli) and analyze tissue specimens 

[38, 39]. The machine learning field is reconsidering appropriate feature selection (the data 

points fed into the machine learning framework) and undergoing a shift from “unsupervised 

selection” to incorporate more “hand-crafted” features providing contextual accuracy while 

minimizing computational complexity [40]. The potential of clinical implementation is 

limited by available training data, but newer learning algorithms are emerging that 

incorporate data augmentation to maximize performance from smaller training data sets 

[41], promising improved performance without the frontloading cost. The regulatory 

approval environment/process will evolve, as challenges associated with evaluation, 

repeatability, and outcome consistency will need to be adapted to the pace at which new 

algorithms can be developed with machine learning support.

Presently, incorporation of multiplex labeling and automated image analysis platforms in the 

routine clinical workflow is rare, despite its ability to add considerable critical data (Figure 

3). Comparatively, clinical tumor microenvironment evaluation [33–37] uses several single 

label immunohistochemistry stains to examine expression of immune checkpoint molecules 

on tumor cells and infiltrating lymphocytes to guide and predict therapeutic responses to 

specific expensive medications. Translational tumor microenvironment research studies rely 

on multiplex labeling and image analyses [33–37].

The Need for Integrative Analyses

Significant advances are needed in two areas: 1) integration of simple, non-arcane, task-

specific, image analysis toolkits that can easily be accessed via the web; and 2) software that 

enables integration of currently-available multiple data inputs for translational research 

analytics, similar to cancer immune microenvironment studies [42–44]. It should also 

present user interfaces tailored to domain-specific experts such as histocompatibility 

professionals, clinicians, pathologists, and researchers. Both commercial and open-source 

pathology data integration and business analytics tools are emerging, however the tradeoff of 

implementation complexity vs application flexibility remains a major constraint (reviewed in 
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[45]). As whole slide scanners and image management systems gain approval for use in 

primary molecular diagnostics, this provides an entry point for integration of artificial 

intelligence into the pathology workflow. Conceptually, pathologist slide review would be 

carried out in parallel with the quantitative data generated from computational modeling, 

enabling a hybrid tissue review that could yield additional insights.

CONCLUSIONS

Solid organ allograft recipients experience rejection because they are mismatched with the 

donor. Currently, the field, including funding agencies, devote less than deserved resources 

toward improving matching or altering HLA gene expression in transplanted organs. The 

penultimate data contribution from precision transplant pathology quantifies donor-recipient 

histocompatibility through NGS and the various enabled downstream analyses (e.g. 

HLAMatchMaker). It is likely that other genomic loci (e.g. cytokine and chemokine, drug 

absorption and metabolism polymorphisms) significantly interact with eplet matching and 

require additional attention. NGS significantly impacts all subsequent steps including DSA 

analysis, tissue and body fluid -omics analytical platforms and analyses, and tissue biopsy 

staining and image analytics.

Precision transplant pathology is just starting to penetrate routine clinical care, mostly in 

large, academic transplant centers. Currently, this is accomplished by humans using “brute 

force” to examine and integrate diverse data inputs that assist in testing algorithms and 

biopsy interpretations. Development of NGP panel stains, web-based automated image 

analytics, and artificial intelligence platforms will facilitate the integration of various genetic 

characteristics with other recipient and donor attributes for advancing precision medicine.
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Key points:

• Precision transplantation pathology serves as the foundation of precision 

transplant medicine by providing critical data inputs used to individualize 

patient care.

• Critical data inputs from precision transplant pathology include: (a) NGS-

based donor-recipient matching; (b) DSA analyses; (c) clinical chemistry 

evaluation of organ allograft function; (d) various blood, body fluid, and 

tissue -omics assays, and (e) tissue biopsy analyses using traditional and next 

generation pathology.

• Machine learning and artificial intelligence are beginning to penetrate the 

analytical platforms that contribute NGP data.

• Data integration software with unique “theme-based” user interfaces are 

needed to assist laboratory professionals in consumption and delivery of 

domain-specific information.

• More facile software platforms that enable integration of multiple data inputs 

are needed to translational research to further advance personalized care.
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Figure 1. Overall workflow for precision transplant pathology.
For standard of care (in black), donors and recipients must undergo pre-transplantation 

assessment for histocompatibility, pathology, and clinical case histories. A suitably matched 

pair will proceed to transplant and subsequent standard of care monitoring (in black). Post-

transplantation, standard monitoring includes electronic medical record review, blood and 

body fluid assessment for organ function and formation of de novo donor-specific antibody 

(DSA), and protocol biopsies. A series of domain experts must then contribute their findings 

to the clinician who ultimately manages the patient care decisions. Workflow improvements 

(in green) are slowly being implemented in the areas of next generation sequencing (NGS) 

for HLA typing, proteomic and transcriptomic based assays for early/subclinical molecular 

changes indicative of disease/rejection progression, templated scoring, and next generation 

pathology (NGP). The greatest needs for improvement (in red) include algorithms for 

automated eplet-matching, rapid high-resolution typing for cadaveric donors, reliable 

reporting of HLA eplet mismatches, and penultimate integrative software that can render a 

summation of overall allograft health based on multi-platform inputs from experts of various 

disciplines. Abbreviations: ALT = alanine aminotransferase; AST = aspartate 

aminotransferase; RT-PCR, reverse transcription polymerase chain reaction; SSOP = 

sequence-specific oligonucleotide probes.
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Figure 2. Standardized Template for Biopsy Scoring.
(A) Automated software-based Banff kidney classification via application of computational 

rules and decision tree engine(s). This workflow utilizes a “smart” template that collects key 

biopsy related parameters (e.g. glomeruli counts, fibrotic area percentages) and (B) 

translates the morphological data into Banff-component sub-scores via published guidelines. 

(C) An additional “decision tree”, or inference engine is then layered into the software using 

plain language to describe the combination of variables that result in a given categorical 

diagnosis (D). This database-driven inference engine can be combined, layered as needed to 

model the complexity of the decision. Additionally, AI machine learning can be combined in 

this step for predictive diagnostic output.
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Figure 3. Next Generation Pathology.
(A) A multiplex labeled kidney section demonstrating quantitative scoring by “tissue-

tethered” cytometry. The formalin fixed paraffin embedded specimen stained for DAPI 

(blue), CD45 (teal), CD34 (green), cytokeratin (magenta), smooth muscle actin (SMA; red) 

and type III collagen (COL3A1; yellow). (B) Machine vision techniques can identify 

individual cells and their phenotypic characteristics based on surrounding/overlapping 

analyte expression (classification mask), which can be used to objectively report the total 

number of each cell type per mm2 of biopsy area or in certain tissue areas (e.g. peri-tubular 

expression). (C) We localize nuclear (blue), endothelium (CD34+, green) and pan-leukocyte 

(CD45+, teal) analytes in possible identified cytoplasmic regions per segmented nucleus, to 

determine inflammatory cell populations that comprise positive tubulitis and peri-tubular 

capillaritis expression.
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