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In pathology, defining consistent criteria for disease di-
agnosis and prognostication requires ever increasing
effort. Nephropathology, in particular, demands greater
attention to the correspondence between distinctive
patterns of kidney lesions and their associated clinical
diagnoses. Some examples include changes in the glo-
meruar basement membrane and nephrotic syndrome,
endocapillary hypercellularity and nephritic syndrome,
and extensive glomerular crescents and renal dysfunction.

Although consensus has been achieved for diagnostic
criteria and assessing the activity and chronicity of prev-
alent nephropathies, there remains a lack of substantial
agreement in the classification of certain kidney lesions.!
Some diagnoses require complex procedures to perform
lesion scoring, which are labor intensive, time-consuming,
and error prone. Automating the steps involved in di-
agnosis will represent an important achievement in the
future of nephropathology. To attain this goal, digital
pathology combined with machine intelligence evolves
toward automating diagnostic processes in nephropathol-
ogy. Recent methods exploit the fundamentals of com-
putational analysis to classify, detect, and segment
histological structures in digital whole slide images
(WSIs) using visual pattern recognition.

The availability of artificial intelligence (AI) systems
capable of counting histological structures and scoring
disease activity and chronicity in WSI would affect neph-
ropathology practice. Although many machine learning
(ML)-based methods have achieved promising results in
academic research, evidence needs to be provided re-
garding applying these methods in the real world.? It is
due to differences between the settings of experiments
conducted under controlled academic conditions versus
the wilderness of clinical scenarios.? Such differences may
become exacerbated when considering the limitations
and methodological restraints of controlled studies in
computational pathology. These shortcomings have mo-
tivated recent proposals detailing general requirements
for ML applications in medical imaging.* Nevertheless,
significant progress must be made regarding improving
systems capable of accurate performance in a clinical
environment. Despite the importance of incremental ad-
vances, most experimental validation continues to be
performed using data with limited representativeness,
and optimistic validation procedures result in poor gen-
eralization assessments and unreliable outcomes. Al-
though these issues restrict progress, improvements in
ML methods and computational infrastructure have en-
abled conducting of more robust experimental research
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aimed at performing in a real-world context. Because
these works are prone to multiple biases (e.g., observer,
recall, and sampling), efforts are needed toward building
unbiased histological datasets representative of popula-
tions. Recently, National Institutes of Health (NIH) has
established several consortia projects for hosting well-
curated renal tissue images and omics data to be used by
the community. Notable ones are the Human Biomolec-
ular Atlas Program and the Kidney Precision Medicine
Project. Other NIH consortiums with data for computa-
tional pathology studies are NEPTUNE, CureGN, and
GUDMAP. This context prompts reflection on the status
quo of computational nephropathology (CNP) to shape
future research designed to produce intelligent tools suit-
able for real-world tasks. Although some works” broadly
overview the current state of the CNP domain, this article
addresses the practical experimentation challenges and
directions for this field. Figure 1 presents a perspective on
managing critical aspects to better conduct academic
research in CNP.

Data

WEI constitutes the core data source for ML in CNP.
Although CNP experimentation must consider a pleth-
ora of lesion presentations in tissue samples and var-
iations in the slide preparation and digitalization
(fixing, embedding, slicing, staining, and scanning),
most assessments of CNP methods are performed in
narrowly controlled scenarios, involving small data-
sets that do not reflect real-world data variability and
heterogeneity. These limitations hinder the develop-
ment of accurate and practical computational models.
Therefore, future CNP research should consider data
from multiple laboratories® and seek to represent wide-
ranging kidney lesion presentations. To facilitate such
data generation, modern auxiliary computing tools can
aid in gathering, curation, labeling, augmentation, and
performing quality control and quality assessment in
larger and varied data collections. In addition, it is
necessary to research generalizable ML methods capa-
ble of learning from relatively few labeled samples
and/or larger unlabeled sets that are easier to obtain.

Validation and Analysis

Using large volumes of data with robust representa-
tiveness, complex ML models can be trained, thanks to
modern high-performance computing infrastructure.
The association between big data and computational
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Figure 1. The perspective of a real-world computational nephropathology (CNP) includes key aspects that must be improved to better
conduct academic research. Specifically, future work must consider the following: (7) the gathering and curation of representative labeled and
unlabeled data from multiple laboratories (with QC/QA) as well as the training of generalizable ML models even in cases with few data samples;
(2) the adoption of validation methodologies on the basis of rigorous cross-validation protocols and adequate metrics, enriched with cross-
laboratory, cross-equipment, and cross-staining experiments and the exploitation of interactions between nephropathologists and the
computational tools (human-in-the-loop); (3) the use of complementary qualitative and quantitative analysis, thorough statistical significance
assessments, and powerful explainability resources; (4) be grounded on robust experimental designs to enable more reliable and context-aware
conclusions; and (5) adhering to technical and scientific reporting guidelines as well as the sharing of data, source code, and pretrained models
following privacy, safety, and ethical standards. Notably, avoiding biases is a transversal concern in CNP studies and must be considered
throughout the workflow. All that should be empowered by the next-generation workforce, which must better understand the clinical needs.

ML, machine learning; QA, quality assessment; QC, quality control.

power can leverage quantitative evaluations on the basis of
rigorous cross-validation protocols, adequate metrics, and
thorough statistical analysis to yield reliable generalization
assessments.” The entire validation process can also be en-
riched with cross-laboratory, cross-equipment, and cross-
staining studies. In addition, visual error analysis is expected
to improve discussions on CNP experimentation by provid-
ing qualitative information. Along with clear descriptions of
experimental limitations, meticulous qualitative and quanti-
tative analysis will allow for deeper assessments of proposed
methods and a clearer understanding of their capabilities,

shortcomings, and potential to evolve. Moreover, interactions
between nephropathologists and computational tools can
guide the evolution of ML models through human-in-the-
loop supervision (annotation and feedback) and model train-
ing while at the same time calling attention to improving
explainability—a key step to achieving clinical translatability.

Reporting and Sharing
The evolution toward real-world—oriented CNP encom-
passes standardized practices to ensure proper peer review,
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reproducibility, replicability, and repeatability. Adopting
technical and scientific reporting guidelines can bring stra-
tegic advances to the field. Many ongoing initiatives are
developing reporting guidelines for Al in health care, such
as STARD-AI® and TRIPOD-AI° which focus on the pre-
clinical and offline validation of predictive models for di-
agnosis and prognosis. With respect to sharing, although
gaps remain in the standardization of digital nephrology
image data,!® advances in CNP methodology can be pow-
erfully leveraged if researchers make data, source code, and
pretrained models available. Using transfer learning
through pretrained deep-learning models allows for knowl-
edge sharing and accelerates system development while
avoiding sensitive data reveal. Sharing these elements
must follow privacy, safety, and ethical standards to protect
patient anonymity, guarantee controlled access, and adhere
to fair research principles.

Reliable Conclusions

Considering the effects of medical imaging analysis on
the practice of nephropathology, it is important for pre-
clinical studies to be grounded by robust experimental de-
sign. Otherwise, it might bias conclusions because of the
lack of representative supporting data, proper validation
methodology, and complementary quantitative and quali-
tative analysis.®> In other words, real-world applications
demand substantial datasets properly representing visual
phenomena. It is also necessary for a well-defined experi-
mental methodology that allows for comprehensive perfor-
mance assessments, strict statistical validations that confirm
the performance of the methods, and clear reporting of all
research performed. These elements enable studies to draw
more reliable and clear context-aware conclusions.

Concluding Remarks

Parallel advancements in photonics have enabled the iden-
tification of molecular markers in digital histology images,
vertebrate codex using the gene breaking protein trap library,
and deep genomics information using spatial transcriptomics.
Another milestone on the future roadmap of using Al as an
assistive tool for clinical diagnosis will be the capability of
inferring subcellular diversity abundance using specific mo-
lecular motifs on the basis of digital histology image data alone.

Integrating the workforce from the engineering and clin-
ical domains is of critical importance so that these groups
can exchange ideas more effectively and not work in iso-
lation. This process will empower the next-generation work-
force to understand clinical needs better while also using
high-performance computational tools to address specific
requirements.

Finally, advances in ML-based CNP prompt a debate on
the plausibility of digitally assisted diagnosis in clinical
practice. The reliability of Al systems remains a concern,!!
and to gain trust, we suggest deep diving into the dimen-
sions discussed here regarding representative real-world
data curation, rigorous validation protocols, critical and
enriched analysis, meticulous reporting, and broader shar-
ing to ultimately ground experimental designs and support
reliable conclusions.
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