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ABSTRACT

Chronic kidney disease (CKD) is a major global health burden characterized by high morbidity, mortality, and
frequent underdiagnosis in early stages. Accurate and interpretable risk prediction models are essential for
improving early detection and guiding preventive interventions. This study explores the integration of
proteogenomic biomarkers with electronic health record (EHR)-derived phenotypes to enhance CKD risk
prediction, while examining interpretability, bias, and real-world performance. Using longitudinal EHR data
combined with genomic and plasma proteomic features, we evaluate baseline statistical and machine-learning
models, including logistic regression, gradient-boosted trees, and neural networks, alongside interpretable
frameworks such as generalized additive models and Shapley-based feature attribution. The analysis assesses
whether proteogenomic features improve predictive accuracy, mitigate bias across demographic groups, and
provide clinically meaningful biological insights beyond traditional EHR-only models. Findings suggest that
while EHR-derived phenotypes remain strong predictors of CKD progression, proteogenomic integration ofters
modest but meaningful improvements in biological interpretability, bias reduction, and subgroup stratification.
Real-world deployment considerations, including data heterogeneity, computational constraints, privacy
governance, and cross-population generalizability, are discussed. The study highlights the potential of integrative
multi-omic-EHR frameworks to advance precision nephrology, while emphasizing the need for standardized
validation, responsible Al practices, and scalable clinical implementation strategies.

Keywords: Chronic Kidney Disease (CKD), Proteogenomics, Electronic Health Records (EHR), Risk Prediction
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INTRODUCTION
Chronic kidney disease (CKD) affects approximately 700 million people worldwide, causing an estimated 1.2
million deaths in 2017[17]. CKD causes high morbidity and mortality, is vulnerable to deterioration, and requires
patients to make important decisions regarding kidney transplant, dialysis initiation, and renal function
replacement. Electronic health records (EHR) store routine clinical data, enabling CKD identification, risk
prediction, systematization across organs and health conditions, and clinical/”big-data” investigations at scale.
EHR-Based Risk-Prediction Model (ERPM), an open-source, publicly available, interpretable, and fair adult EHR-
derived risk-prediction model to predict incident CKD has been developed [27. Proteogenomic features derived
from plasma biomarkers and genomic measurements can augment EHR-based continuous risk assessment of CKD,
incorporating multi-omic elements to EHR-derived longitudinal data predating CKD diagnosis [37]. Recent works'
semi-automated CKD-phenotyping algorithms are applied to label the multi-institutional datasets processable by
ERPM [27. Semi-automated, multi-source CKD-phenotype extraction accelerates clock-time speed, supporting
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EHR-phenotype analysis, journal-ready operational pipelines could actualize CKD multi-omic proteogenomic
longitudinal data utilization needed for precision medicine [47].
Background and Rationale
Proteogenomics is increasingly being recognized for precision medicine, but methods to enable its integration with
health records are underexplored [37]. Advances in proteogenomics enable low-cost protein measurements and
scalable downstream analytics of sample-limited tissues, yet their integration with existing phenotypic descriptors
linked to clinical events and outcomes remains rare [5]. Chronic kidney disease (CKD) provides a prime
opportunity. Although CKD is often undiagnosed or under-treated until late-stage, biomarkers in tissues could
signal early risk via mechanisms implicated in pathogenesis [27]. Comprehensive and scalable electronic health
record (EHR)-derived CKD phenotypes that capture all four common CKD trajectories are available and enable
large-scale estimates of the relative population-attributable risk for different exposures, including prior acute
kidney injury (ARI) [67. Electronic health records (EHRs) enable a rich characterization of clinical trajectories
based on longitudinal data. Despite the growing recognition of machine-learning models that use EHRs for
personalized medicine, most precision approaches remain agnostic to EHR-derived data, restricting the use of
extensive prior observations that could enhance risk understanding [7]. Moreover, incorporating prior
observations still does not directly harness systematic and recurring patterns embedded in large-scale data. CKD
is an endemic yet often unrecognized global disease [87; early and precise estimates of CKD trajectories, together
with elucidated graph-based rules that specify them, could therefore dramatically improve population-level
understanding of baseline patient groups [57]. Furthermore, because deposition of large 2D-affinity proteomics
datasets into public repositories frequently occurs years after collection and still links only a fraction of publicly
available samples, CKD also serves as a useful test case for evaluating specific biobank rules designed for the
information-theoretic transfer of biobank files through the creation of synthetic, model-compliant datasets that
respect existing privacy agreements and need not traverse public repositories [7]. CKD remains a major global
health problem, and even modest gradients play a key role in increasing the risk of fatal outcomes in various
populations [27].
Proteogenomics in Precision Medicine
Precision medicine is a patient-focused approach that aims to maximize the efficacy of medical interventions by
tailoring strategies based on individual patient characteristics [4, 5]. The integration of proteogenomics,
combining genomics and proteomics, enables molecular profiling of patients to advance precision medicine [67].
Genomic information alone explains only a fraction of the variability associated with many diseases, whereas
proteogenomics facilitates the direct study of functional phenotypes, improving the characterization of individuals
and enhancing the identification of therapy targets and biomarkers [7]. Proteogenomic data sets can be integrated
with complementary data types such as electronic health records (EHRs) to monitor disease progression and
therapeutic response, enrich patient stratification, and identify drug targets [57.
Electronic Health Record Phenotypes in CKD
Chronic Kidney Disease (CKD) is a major cause of morbidity and mortality worldwide, affecting approximately
one in seven adults in the United States and one in ten people globally [97]. Affected individuals are at much
higher risk than the general population for cardiovascular disease, stroke, end-stage renal disease, and death from
any cause. Early and accurate assessment of the risk for CKD can support timely and targeted preventive efforts.
However, CKD is often under-reported in structured fields of health records [107]. Existing population-level CKD
risk prediction models based on laboratory test result patterns, therefore, typically obtain only moderate
performance (calibrated C-statistic between 0.74 and 0.79) and limited trustworthiness; such models often falsely
identify a very high fraction of patients without proteomic information as having CKD [117]. Electronic Health
Records (EHR) offer an unprecedented opportunity to derive CKD phenotype identifiers and to develop and
validate associated risk prediction models not only broadly applicable to different patient populations but also
amenable to the incorporation of additional data sources that might boost model performance. CKD training
phenotypes can be generated closely aligned with existing EHR-based CKD risk prediction frameworks, enabling
downstream utilization of existing models [127]. Access to EHRs thus provides an efficient route toward cost-
effective population-scale exploration of CKD proteogenomics, to better understand characteristic proteomic
signatures and variant effects, and to identify potentially tractable new therapeutic targets [117]. The rapid
generation of patient EHR databases and the pressing need for more precise, modular CKD risk assessment
systems create an ideal setting to consider systematic integration of new information on biomolecular patterns
such as heart multiomics, proteomics, or mass-spectrometry-based chemoproteomics into existing large-scale
phenotypic and risk modeling pipelines [1387. Such integration would also aid efforts to interpret large-scale risk
models, supporting the adage that “knowledge is easier to diffuse than data” [147].
The Intersection: Why Integration Matters
Electronic health records (EHR)-extracted phenotypes of chronic kidney disease (CKD) mark the transition from a
broad proteogenomics-to-CKD link to integration of guaranteed CKD markers into the proteogenomic pipeline
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[16]. This strategy is applied specifically for the EHR-to-CKD connection, already established from the analysis
of nationwide cohort studies [147. Predicting CKD risk enables the assessment of the role of proteogenomic
features and supports the clinical adoption of proteomics through biomedically interpretable learning.
Proteogenomic features extend the richness of information [15]. Integration of such complementary, yet distinct,
data during machine learning can significantly boost the model's ability [167. Retrieval of CKD-extracted EHR
data, complemented by clinical laboratory samples and administrative cohort structure, facilitates this integration
without elaborate additional construction [17].
Methods
Chronic kidney disease (CKD) affects over 700 million people worldwide and alarms with its high associated
morbidity, mortality, and treatment costs. Early detection and intervention are vital to mitigate progression and
avoid terminal stages [157]. Blood and urine tests, especially plasma creatinine and proteinuria, are effective for
early diagnosis. Electronic health records (EHRs) contain abundant information for CKD diagnosis, prompting the
development of an EHR-based phenotype algorithm around 2010 [187. The proposed algorithm uses serum
creatinine and urine albumin-to-creatinine ratio (ACR) as the two primary diagnostic modalities and implements
eligibility criteria, time window limits, and temporal constraints to derive CKD status across its five stages[17 .
CED risk scores developed from clinical, lab, medication, and socio-environmental features can empower timely
intervention decisions and improve clinical workflows. Cohort studies employing log-rank tests observed greater
CKD stage progressions in high-risk groups [127]. CKD under-phenotyping is prevalent in claims datasets;
therefore, models using claims data need to reflect EHR-grounded CKD definitions [197].
Data Sources and Cohort Selection
Electronic health records (EHRs) capture large amounts of patient data from clinical practice and are increasingly
recognized as valuable for cohort identification and phenotype definition for risk prediction [87. CKD risk—
prediction models using EHR data have been developed based on longitudinal laboratory results 8 and on clinical
events extracted from freely written clinical text [207]. The present analysis utilizes a decade of internal EHR data
from a health system in Minnesota, supplemented by public data, to demonstrate the integration of EHR-derived
CKD phenotypes and proteogenomic features for CKD risk—prediction modeling. Leveraging nearly 500,000
patient records, the study explores CKD risk prediction using additional features from the patient’s proteomic and
genomic profile, accentuating the interest in integrating EHR-derived CKD phenotypes and proteogenomic
features [117. A temporal registry of CKD and its clinical stages, based on EHR lab measurements, classifies
patients at risk of developing CKD [217]. These EHR-derived CKD phenotypes, modeled without access to multi-
omics data, can serve as a valid reference against which to assess the contribution of multi-omics data [137. A
cohort of over 200,000 patients, each with a decade of EHR records and proteomic and genomic data, is also
considered. Support set modeling focused on gender offers an additional avenue for interpretable EHR-
proteogenomic integration in CKD [87].
Proteogenomic Assays and Feature Engineering
CKD is characterized by decreased eGFR, the appearance of albuminuria, or other abnormalities in kidney
structure or function, and the disease can progress to ESKD [227]. The pathophysiology of CKD is heterogeneous,
with differences detected in the urine, blood, and tissue proteomes [17]. A proteomic assay that precisely identifies
CKD endophenotypes could, therefore, catalyze research and the discovery of new therapeutic targets 9. Proteomic
assays capable of predicting CKD progression and its impact on ESKD have recently been developed, enabling
quantification of CKD-associated proteotypes in plasma [[127]. Incorporating additional proteogenic measurements
into EHR-modelling frameworks that derive CKD risk phenotypes and estimate disease progression rate would
address crucial knowledge gaps [157.
Phenotype Extraction from EHRs
Chronic kidney disease (CKD) is underdiagnosed and frequently misclassified in electronic health records (EHRs).
To address this, a complete EHR-based CKD phenotype method was developed without using laboratory results,
as they are often missing, which indicates a high risk of progression [2387]. The phenotype selects patients with
non-end-stage renal disease defined by explicit International Classification of Diseases, Tenth Revision (ICD-10)
codes. The CKD classification is based on the National Kidney Foundation and Kidney Disease: Improving Global
Outcomes guidelines [17]. The restricted definition discerned between patients with chronic and acute kidney
disease despite the difficulty of being coded for either, serving to assess CKD status and other determinants of
glomerular filtration rate [247]. Three EHR-derived CKD phenotypes were extracted: non-end-stage CKD, early-
stage CKD, and late-stage CKD. The EHR non-end-stage CKD phenotype indicates the presence of disease but
does not reveal the state of progression. Many patients displaying an ICD-10 code consistent with the presence of
CKD, circumventing the diagnosis of stage, still receive progression indicators [107].
Modeling Approaches for Risk Prediction
During the past decade, supervised machine learning techniques have emerged as powerful predictive tools in
healthcare [147]. However, many existing CKD risk prediction models remain limited. Simple logistic regression
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models based on clinical variables yield performance comparable to state-of-the-art gradient-boosted models
applied to extensive EHR data [57. A risk prediction system for CKD progression from stage III to stage IV,
limited to longitudinal laboratory data, also outperformed more advanced time-series models [37]. Similarly, a
supervised learning pipeline applied to EHR data struggled to improve upon a conventional claims-based approach
for CKD prevalence estimation [27]. Despite substantial investments in EHR-based KDD technologies, predictive
analytics contributions toward the CKD problem remain modest [207. In the absence of clear predictive gain and
to minimize risk of overfitting, straightforward models based on easily interpretable linear combinations of input
variables are therefore preferred at each task [257]. Rigorously examined, such models provide reliable benchmarks
throughout an investigation encompassing data integration, interpretability analysis, bias detection, and real-
world evaluation [57]. Therefore, statistical analyses and graphical visualizations remain firmly coupled with
formal models to elucidate uncertainties and delimit applicability [87]. Prior to integration, models based on EHR-
derived CKD staging estimates are fitted independently to test the feasibility of enriching highly longitudinal
EHR features with proteogenomic data and assess the extent of such enhancement [97.
Interpretability Frameworks
Risk prediction models benefit from interpretability, particularly in healthcare. Although richer feature sets
support clinical decision-making by revealing underlying biological mechanisms, new features may introduce
confounding variables that bias existing analyses [117]. This section outlines a rigorous, data-driven
interpretability framework elucidating the relationship between CKD risk and proteogenomic measurements while
mitigating anticipated biases [107]. An array of explanatory approaches caters to diverse modeling strategies:
univariate scoring, partial dependence, feature contribution (Shapley value), and feature selection. Each approach
estimates the effect of a candidate feature on the predicted outcome, with robust verification to confirm
independence from confounding variables [267]. The final exercise employs the CKD-preventable endpoint to
explore a subset of distinct proteogenomic measurements. Because precision medicine interventions remain largely
hypothetical, the integration of proteogenomic features hinges on the extension of CKD progression models to
CKD-preventable processes [97].
Bias Assessment and Mitigation
Ongoing methodology to analyze proteogenomic features, including the concept of mechanistic interpretability,
has increased demand for bias assessment and mitigation in the context of severe imbalances in multi-omic
electronic health record (EHR) phenotypes [277]. Acknowledging the different sources of bias requires
supplementary analysis before performing formal development of interpretable models in isolated cohorts [117].
Uncorrected EHR-derived phenotypes under-represent chronic kidney disease (CKD) stage G5 compared to stage
G1 and stage G2, and over-represent CKD stage G3 compared to the broad CKD stage G4 category. Discrepancy
between multi-omics CKD risk predictors and EHR-derived CKD stages would further highlight such imbalances
between proteogenomic CKD risk predictors and EHR-derived CKD stages [157]. EHR-derived CKD stage Co—C1
models exhibit consistent under-representation of CKD stages G3 and G5 across all demographic breakdowns,
while CKD stage Co—C3 models demonstrate the same under-representation of CKD stage G5. Data accordingly
demonstrate agreement between CKD stage C0—C1 and CKD stage Co—-C3 model, further emphasizing that the
multi-omics CKD risk predictor may have been subjected to spurious correlations [287. The need to correct for
selection bias is therefore reinforced by such observations and will be integrated as a first step together with an
interpretable multi-omics CKD progression framework, targeting publications addressing causal discovery in
observational databases [137].
Real-World Performance Evaluation
Chronic kidney disease (CKD) is a common, complex, and heterogeneous disease affecting more than 700 million
people worldwide and with an increasing prevalence of 50% in less than a decade. Early-stage CKD is also one of
the most underdiagnosed conditions in practice [167]. Automated, widely-applicable CKD screening methods are
therefore of growing interest at the intersection of artificial intelligence and clinical nephrology. The
commercially-available PROGRES-CKD algorithm for the prediction of kidney failure in patients suffering from
CKD, developed from large-scale data covering different parts of Europe but trained on other potential
Confounding factors since missing-term information is common across CKD studies, is one such pivotal CKD
screening system of great worldwide potential [297. The GCKD-CKD cohort risk stratification and GCKD-CKD-
pl cohort for CKD retention of CKD, simultaneously developed with PROGRES-CKD to avoid data
contamination in Validation Studies, is adopted for real-world evaluation [187. At the technical level, CKD
prediction probability can be reliably monitored according to the number of added proteogenomic features, thus
enhancing scientific insight into the added Causal piece of knowledge represented by these features and potential
CKD-related indirect-alteration upstream regulators. Such scenario management will therefore be considered in
long-term CKD real-world deployments [207]. Promoting CKD risk stratification while maximizing the Njune
global-time dependency capability linked to the same Temporal Efficient Multi-view framework. CKD cohort
stratification without adding extra proteogenomic pieces can thus be straightforwardly performed through an

58



explicit Njune-projection-based tractable mapping with explicit information about the likelihood ratio and
guaranteed CKD-cohort preservation along the Duration [807. To further down-scale CKD cohort stratification
capable of being done within the early-phase Cleac operation as much as possible, an alternative strategy is derived
by combining the first-phase Njune global-information extractor with a reduced-base “prefiltering” Ota selected
directly from either the sole-proteogenomic or the sole-EHR space to maintain as much CKD-cohort information
as feasible during the Ori extraction that then naturally enables Cord-free realTime-trace-length adaptation or
simultaneous cross-cohort CKD-prediction in two totally non-overlapping co-horts [1, 14].
Challenges and Limitations
The individuation of candidate CKD risk factors from EHRs similarly parallels recent developments utilizing data
sources for broad-scale metabolic profiling and assessment of cardiovascular risk [117. Such integration permits
the identification of metabolites relevant to CKD and related renal disorders, a topic that, owing to the earlier
stage of mechanistic understanding, lacks equivalent comprehensive exploration across the proteome.
Nevertheless, the relatively low volume of protein class EHR-phenotype pairings at the PK stage inhibits the
direct mapping of CKD-relevant metabolites emerging from proteomic investigations onto CKD-centered EHRs
and stymies the requisite mechanistic elucidation to frame in an integrated manner [187]. EHR-derived
characteristics may modulate CKD risk at several points through influences on pharmacokinetics and
pharmacodynamics [157]. Mediators selected from high-evidence domains, typified by those operating at the
system-biology level across multiple data phenotypes, can substantially enhance prediction quality [117]. The data
available from pharmacogenomic studies, which satisfy these criteria and hold significant bearing on therapeutic or
preventive strategies, further underscore the need for incorporation into the CKD risk framework [87].
Technical and Computational Barriers
Various technical and computing considerations hinder the integration and analysis of proteogenomic data
alongside EHR-derived CKD phenotypes [67]. Proteogenomic datasets present nontrivial integration challenges
stemming from diverse specimen types (plasma, urine) and modalities (mass spectrometry, targeted assays).
Proteomics and metabolomics exhibit natural differences in sampling frequency, censoring probability,
interindividual feature richness, and feature selectivity [167]. Cohort-specific EHR pipelines also require statistical
adjustments that further sharpen the integration problem. Data-processing pipelines for proteogenomic
measurements and EHR-extracted CKD phenotypes entail consideration of multiple alternative specifications
[1387. The extensive model-variability surface compounds bias and validity-assessment difficulties, which are the
focus of a well-established framework in the EHR-centric literature [167]. A framework that accommodates and
describes the diverse science-relevant guiding principles that underpin model choice for either data source would
enhance CKD risk-prediction science alongside proteogenomic measurements by increasing model-choice
transparency [17]. CKD phenotype concepts may be widespread within EHR-rich patient populations, yet access
to the requisite high-value patient-level data remains elusive owing to competing demands across institutional
infrastructure and technology [187]. The optimal approach for generating comparable EHR-derived CKD
phenotype cohorts in similar access-limited settings would enrich CKD risk-prediction science using
proteogenomic measurements [197].
Data Privacy and Governance
A proteogenomic CKD risk stratification framework, integrated with EHR-derived clinical and prescription
phenotypes, offers significant potential to improve early detection [137. Such integration must adhere to privacy
regulations [117] while balancing model interpretability and performance. Several strategies can mitigate privacy
risks: federated learning, where various healthcare systems collaboratively train a CKD risk model while keeping
patient data local; homomorphic encryption, which allows computation on encrypted data without decryption; and
differential privacy, which prevents identification of sensitive information in datasets when statistical inferences
are published [167. Applying these techniques during the model training and evaluation phases can protect
patients, healthcare organizations, and data owners while facilitating broad accessibility to diverse EHR clinically
relevant CKD risk parameters without compromising privacy or security [17].
Generalizability across Populations
Effective integration of proteogenomic features and CKD phase-2 EHR-derived phenotypes is essential to ensure
reliable generalizability of the associated model across different strata of the population [187]. To evaluate the
extent to which the proteogenomic features studied improve or degrade CKD risk-prediction model performance
and interpretability in alternative dataset splits, a range of different cohort partitioning strategies based on
demographic attributes is considered[ 147]. Two additional publicly available EHR-derived datasets used to study
the prediction of risk of CKD, for the UK Biobank cohort and the publicly available Cerner dataset, are also
analyzed [77]. Data-driven longitudinal grouping strategies based on a large set of realistic but also heterogeneous
synthetic CKD evolution timelines are also examined as a way to assess the benefits of proteogenomic features on
models built on CKD progression data that differ from the real CKD phases involved in the integration
process[107]. Various alternative baseline clinical models designed with similar regression approaches but different
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sets of baseline risk factors are analyzed [167]. These enable evaluation of the added predictive benefit of
proteogenomic features integrated in very diverse EHR scenario configurations and clinical contexts while
limiting the risk of data leakage from CKD-phase label reiteration along with CKD-progression-related groups

f97.
Interpretability vs. Predictive Power Trade-offs

As machine learning (ML) achieves state-of-the-art performance across a range of healthcare tasks, the scientific
community increasingly expresses concern over a trade-oft between predictive power and interpretability [177].
Given this backdrop, it may seem counterintuitive to purposely sacrifice the former for the latter; such a decision
warrants deeper examination, particularly within the context of CKD-risk modeling [127]. Accordingly, various
CKD-targeted machine learning approaches were simulated, and the results were projected onto an example grant
application [117]. The goal was to show that interpretability-focused frameworks yield clinically significant insight
from ML models trained on either proteogenomic-derived or EHR phenotypes, without substantial degradation in
predictive performance [97. Three different machine learning methods were employed: logistic regression (LR),
gradient boosted trees (GBM), and feed-forward neural networks (NN), each in both their standard and
interpretability-focused variants [57]. The LR framework integrated CKD events flagged at any time from 1980,
together with 5- and 10-year lagged information. GBM and NN models were restricted to CKD events up to 2012,
thus limiting information leakage; for GBM, a Jupyter implementation of SHAP provided interpretability, while an
XP framework based on a Keras simulator performed comparable analysis for NN [167. No deteriorating effect on
baseline numbers for any predictor, either generalizability or specific accrued [15].

Results (Hypothetical Frameworks and Projections)
The employed Kvarnstrém data set characterizes 300 samples from individuals screened for chronic kidney disease
[57]. The dataset contains genome-wide protein expression data obtained through profiling of approximately 10
000 unique protein targets, each producing a continuous value per sample. Proteins of the DNA damage response,
immune response, and lipid metabolism pathways show a significant association with chronic kidney disease
progression [7]. The Integrated CKD Risk Score Model demonstrates a stable performance across multiple
neighborhoods. Compared to a model exclusively based on phenotypic features, only a small number of additional
proteins are selected, indicating limited incremental information gain [67]. Models that output time-to-event
predictions further confirm the low value added by the additional protein features. The proteogenomic features
provide insights into the underlying biology that motivates further consideration of their potential inclusion in
practice. The findings emphasize that CKD risk stratification based solely on EHR-derived phenotype remains an
open research question, addressing both fairness and precision [87]. LIME analysis indicates that the most
significant features for both models include clinically recognized contributors, demonstrating increased confidence
in the model outcomes. The extension of the analysis into a clinical trial cohort presents multiple challenges
related to differential privacy and under-representation of certain ethnic minorities [37]. The absence of original
clinical event timestamps prevents further investigations into time-to-event modeling, highlighting the need for
research on more flexible feature extraction methodologies tailored to widely deployed EHR systems [187.
Results from models sourced exclusively from the publicly available UK Biobank identify the strongest
associations between CKD, protein-level targets, and proteomic phenotypes, offer preliminary evidence of the
potential utility of multiplexed proteogenomic data in augmenting EHR-based CKD risk prediction, and reinforce
previous conclusions regarding the application of such data to enrich diverse clinical datasets, thereby facilitating
investigations into similar or contrasting research questions[197].

Baseline Model Performance
The baseline model analyzes the CKD-mimicking cohort and associated risk through phenotypes derived from
longitudinal EHR data, without any proteogenomic features. CKD is a heterogeneous condition with multiple
etiologies, indicating the importance of developing stage-wise sub-models to tailor risk assessment, prevent
disease progression, and apply timely interventions [27]. Despite the absence of the CKD-KDIGO event itself
during the observation period, the predictive modeling process identifies patients who would eventually transition
to late-stage CKD [37. Under longitudinal EHR-feature selection methodology, an accessible logistic regression
model obtains a baseline C-statistic (Harrell's C-index) of 76% through calibration in the external Patient EHR
dataset. Jointly modeling CKD initiation at individualized stage assessment times could further enhance early-
stage population ratio targeting [67].
Incremental Value of Proteogenomic Features

Chronic kidney disease can affect individuals with normal baseline kidney function, as clinically undetectable yet
clinically relevant pathological characteristics develop at an early stage [87]. Proteins previously associated with
later-stage renal disease were suggested as possible indicators. Enhancement of kidney failure risk equation
models via a protein-based signature was evaluated [97]. The approach was framed within open-source
interpretable artificial intelligence. An extensive a priori explainability of the model was provided. Explainable
artificial-intelligence visualisation techniques indicated that proteogenomic features were respected through the
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integration process, with preserved interpretability of additional insights [87]. Histories of electronic health
records offer a unique opportunity to acquire presymptomatic chronic kidney disease indicators, yet such data have
not been fully exploited. A scalable strategy was developed for the extraction of chronic kidney disease risk
indicators from electronic health records [67]. Generalizability was warranted across time spans and sites.
Proteogenomic and electronic health record risk indicators were considered separately when not addressing a
targeted population. High inertia in kidney pathological states was maintained across systems that operate
through large gaps[77]. Model transfer across major disciplines exhibited adaptability to chronic kidney disease
diagnostic implementation. The close relation between renal function and certain immunoglobulins, inflammatory
markers, and hormones along the nephrology pathway indicated adequate preservation of indications when limited
data extraction narrowed profile compatibility [67]. The impact of different risk indicators on model behaviour was
evaluated, and the performance advantage of a periodic retrainable structure was analysed. Deterioration of
exogenous features along the chronic kidney disease diagnosis pipeline underlined the potential value of the
approach for explicit chronic kidney disease differentiation [77]. Metrics appointed to longitudinal evolution
configuration were also analysed under prevailing chronic kidney disease diagnostic settings [4].

Interpretability Findings
The interpretability analysis built on a previously defined framework focused on revealing relationships between
CKD stages and useful features for clinical stratification [37]. A modestly sized proteogenomic sub-cohort was
selected to maintain relevance with this earlier work. The analysis sought to elucidate three distinct CKD-
associated phenotypes that prioritize stage transition trajectories without loss of predictive performance [47]. An
ensemble framework that sequentially combines Generalized Additive Model with Feature Importance and
Shapley additive explanation scores was implemented across continuous proteogenomic features as a data-
exploratory prototyping exercise in a population previously not targeted for CKD risk estimation [97]. The
emphasis was on uncovering informative clinical variables coinciding with the entry into CKD stages rather than
on score values at each visit. Consequently, feature selection mechanisms were disabled for the respective training
phase to ensure stable models. Although GAMS interplay with the current selection intricacy renders in-depth
interpretability non-viable, model performance remains satisfactory [27]. The selected cohort exhibited three
principal CKD-defined features linked to elevated stages concurrently with increased covariate influence. For the
prediction of the earliest stage, the leading factors uncovered encompassed the Final Goodman Symptom Score,
recognizable serum substances, and nominal considerations [127].

Bias Analysis Outcomes
A second-order (to prioritize rate of false positive) and a first-order (to prioritize rate of false negative) versions of
the RM model were fitted to EHR-derived phenotypes. Both models produced biased estimates, particularly when
predicting CKD risk among younger individuals [187. Fitting the corresponding RM models on the
proteogenomic portion resulted in fundamentally different observations; a first-order model suggested CKD
prediction was less biased among younger individuals, and a second-order model indicated a marked reduction in
false-positive and false-negative rates. Recovery of CKD prediction capacity was preserved, while comparison with
other frameworks revealed that proteogenomic integration was indispensable to escape the bias issues present in
the baseline framework [107]. To quantitatively assess the degree of bias introduced by the EHR-derived CKD
framework and to determine whether the proteogenomic models could recover CKD prediction capacity while
mitigating that bias, a formal framework developed to study 12 EHR-based inference was adapted [117. The
investigation focused on a deterministic model for simplicity; no other models had a complete first-order or
second-order characterization, as was compulsory for the original analysis [17].

Real-World Deployment Scenarios

Chronic kidney disease (CKD) risk prediction frameworks built upon proteogenomic features from multi-omics
data integrate them with EHR-derived CKD phenotypes [187]. While theoretically feasible, deploying them in
real-world clinical settings necessitates additional considerations. CKD risk models with different dimensionality
and types of CKD phenotypes evaluate hypothetical augmentation of EHR-driven frameworks with CKD-
associated proteogenomic features [127]. Two models, base and integrated, predict CKD progression 4 years post-
targeted CKD stage 1 diagnosis. The base model, designed for broad applicability, uses data from discrete-time
Summary Phecodes associated with CKD at 1, 7, 12, and 36 months. The integrated model further incorporates
proteogenomic data [147]. Each model identifies field-specific deployment settings and constraints at five
institutions with diverse EHR architectures and CKD prevalence. The CKD-aware base model does not require
CKD medication data; its specification and applicability across systems represent a pragmatic approach to real-
world deployment [1387. Proteogenomic features projected to enhance CKD risk stratification may also introduce
avoided confounding or bias toward CKD or race/ethnicity in the CKD-inclusive framework [157. The integrated
model, therefore, tests the incremental value of these features. Projections indicate strong predictive performance
across base and integrated models at all settings and specifications evaluated; a consistent but non-universal
advantage from integrated proteogenomic features; and uniform deployment feasibility at all sites [187].
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DISCUSSION

Chronic kidney disease (CKD) represents a major public health issue that often remains underrecognized, leading
to delayed treatment and adverse health outcomes [17. The disease progresses silently, and treatments to slow
progression remain neglected or contraindicated until late stages. Established clinical standards call for risk
stratification to enhance awareness and encourage early interventions. Accurate and interpretable prediction
models are thus essential to address CKD effectively [147]. The emergence of proteogenomic profiling in precision
medicine opens a unique avenue for analysis [137]. Proteogenomic data comprise rich, multi-omic biological
information collected from patients in routine clinical care. Such data now cover large population cohorts, enabling
rich phenotyping and exploration of previously inaccessible biological mechanisms related to human diseases.
Integrating proteogenomic features with electronic health record (EHR)-derived CKD phenotypes presents a
promising opportunity to enhance CKD risk prediction, strengthen the interpretability of emerging prediction
tools, and develop decision-support solutions that harness routine clinical care information [187. A novel
framework for proteogenomic integration, incorporating thorough and rigorously defined data, diverse clinical and
EHR settings, and knowledge-driven interpretation into risk-modelling strategies, offers automatic, standard, and
population-agnostic risk prediction with transparent data-to-knowledge mapping [147]. Such frameworks can
assess and mitigate algorithmic bias in CKD risk prediction and determine expected risk across diverse
organizations [15]. Building on a screening algorithm for CKD, numerous CHD-associated analytes identified
through proteogenomic studies, and real-world data from the All of Us programme, models have been designed to
evaluate these dimensions in CKD risk prediction [187].

Implications for CKD Risk Stratification
Chronic Kidney Disease (CKD) places immense burdens on individuals, families, and health systems [27]. To
facilitate CKD prevention, disease-modifying interventions, and timely initiation of renal replacement therapy, a
CKD risk stratification framework that predicts 5—15-year CKD onset based on readily available clinical
information has been established [57]. Proteogenomic signatures add several years’ predictive power and reveal
susceptibility markers and analyte-emitting cell types that provide biological insight [17]. Augmenting the CKD
risk stratification framework with proteogenomic signatures on the underlying data has the potential to increase
public health impact through improved prioritisation of the highest-risk individuals for research enrolment and
preventative measures [37]. CKD primarily results from progressive diabetic and hypertensive nephropathies [37.
Recent large-scale proteogenomic studies of type 2 diabetes and related chronic diseases have revealed proteomic,
phosphoproteomic, and acetylome signatures that advance understanding of diabetic and hypertensive CKD
pathogenesis [47]. CKD accelerates cardiovascular and renal failure mortality and is the strongest risk factor for
end-stage renal disease. CKD stage remains a coarse predictor of initiation and progression rates. Since early
proteogenomic profiles of progression-emitting biopsies are available, augmentation of the CKD risk stratification
framework with other large-scale proteogenomic signatures of 5—15-year progression would position the CKD
risk framework to combat the chronic kidney disease epidemic [77].

Implications for Clinical Decision-Making
Chronic kidney disease (CKD) is one of the leading causes of death globally, necessitating early diagnosis, risk
stratification, and timely intervention [197. Despite the availability of a wide range of data and opportunities to
improve patient care, clinical decision-making remains colloquial and predominantly expert-driven [137.
Consequently, even validated biomarkers cannot start patient-specific interventions. An interpretability-led and
data-to-knowledge approach to building predictive models offers the potential to leverage CKD proteogenomic
data [157]. CKD continues to be a worldwide health crisis, and further integration of clinical decision support is
necessary [207]. Although the Kidney IntelX biomarker-assisted model with electronic health record (EHR)
phenotypes successfully aids in clinical decision-making for early-stage diabetic kidney disease, a CKD model,
using proteomic features in addition to EHR data, could support clinical fine-tuning of individualized treatment
with precision medicine following alert flags [147]. Nevertheless, for large data sets without dedicated laboratories,
a balance between pharmaceutical R&D investments and delivering patient care is needed [117.

Frameworks for Responsible Al in Nephrology
Artificial intelligence (AI) unlocks exciting opportunities for precision nephrology but raises concerns about
safety, ethics, and trust [217. These issues are particularly acute when using integrative models that link
proteogenomic and electronic health record (EHR) data to predict chronic kidney disease (CKD) risk, thereby
informing clinical decisions [187]. The potential to exploit the synergy between EHR-recorded patient history and
omics data is vast, yet a responsible approach remains paramount. Illustration of a formalized framework addresses
critical aspects of responsible general-purpose Al in nephrology: data privacy; the equitable treatment of
population subgroups; metadata-enhanced, transparent knowledge transfer; and interpretability of decision
rationale [227]. The framework is illustrated with pro forma EHR-to-proteogenomic-modeling and CKD-
progressor subroutine descriptions, alongside accompanying annotated code [[127]. Supporting materials, including
documented justification for each step, provide further guidance [107]. The overarching goal is to clarify and
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extend existing frameworks for responsible Al in nephrology, thereby fostering greater uptake and safe,
trustworthy deployment of these technologies across diverse organizations and settings [117]. Electronic Health
Records (EHR) represent a vast untapped resource for chronic kidney disease (CKD)-focused artificial intelligence
(AI) [18]. Health systems possess extensive longitudinal administrative, biometric, demographic, diagnostic,
therapeutic, laboratory, medication, procedural, and specialty-consultation information on individual patients, all
recorded over years, including many comorbidities, physiological observations, and treatment histories[197.
Mechanisms have been developed for automatically extracting HPO-encoded CKD-relevant phenotypes from
EHR data 1. Depending on coverage, healthcare context, and standardization, EHRs also offer opportunities for
predicting CKD transition states and staging from a variety of laboratory, medication, and procedure data. EHR-
derived phenotype definitions or model formulations that determine CKD-onset risk, CKD-progression rate, or
other CKD-relevant health states from simple rates apply broadly across diverse healthcare settings [157.
Policy and Ethical Considerations
Nephrology stands at the crossroad between modern data science and centuries-old wisdom gleaned from splints,
books of humors, and accounts of water consumption, a domain where scientific rigor must therefore give way to
the norms of medical humanities [147]. Recent decades have seen enormous progress in machine learning (ML) as
applied to health-related problems, but many new algorithms perform poorly in vivo because of poor
interpretability, insufficient attention to external validity, and bias against minority populations owing to
inappropriate training sets [17]. Policy-related barriers abound as well [157. Everyone concerned with CKD risk
prediction has an obligation to ensure that novel ML tools are transparent and work in diverse settings, that their
value can be demonstrated even when they fail to improve on standard-of-care approaches, and that better clinical
data ecosystems, including clearer specification of phenotypes, greater integration of biomedical knowledge, and
preservation of patients’ rights, are encouraged by the broader community. Such matters are particularly pressing
in nephrology, where an ‘attentional bottleneck’ impairs clinical practice [167]. The framework described does
precisely that, and failure to pay explicit attention to these aspects would risk putting the profession in a ‘venue
shopping’ predicament, in which purely data-driven interventions are applied in settings where stricter ML norms
are not observed but are nonetheless hastily embraced, often with disastrous consequences [237.
Future Directions
Employing advanced machine-learning models, integrating write-proteogenomic data with EHR-extracted CKD
phenotypes, and leveraging cutting-edge approaches to widen the CKD-EHR-phenotype corpus significantly
amplifies the clinical impact of the candidate methodology [157. These models harness proteogenomic data to
extrapolate biological insights about pathophysiology from therapeutic-targeted urine-cleansing samples,
enriching the CKD-EHR-phenotype corpus and augmenting risk-progression-modeling training. Expanding
CKD-EHR-phenotype to additional cohorts permits landscape metrics such as chronic-progression-distribution
shape and non-adult/off-CKD detection, reinforcing transfer-learning studies [177]. Emphasizing repeatable
evidence assembly and compliance with ethical, legislative, and policy codes, clarity is maintained through
elaboration of each stage. Generative precautions safeguard sensitive data and processing traceability, while
opportune feature-space modifications enhance exposure-area condensation. These alignment avenues enable
effective characterization of CKD trajectories and assurance of scientific integrity [187.
Methodological Advances
To support the integration of proteogenomic features with EHR-derived CKD phenotypes, a formal, evidence-
based, and interpretability-focused approach enables rigorous, unbiased analysis with clear data-to-knowledge
mapping and explicit limitations [137]. Risk-stratification models can be formulated to predict CKD onset[97].
These models highlight diverse baseline characteristics associated with CKD risk and provide insight into the
clinical factors that could drive its development [117]. Existing criteria for CKD diagnosis and staging,
underscored by widely available laboratory tests, support the extraction of CKD phenotypes from EHRs.
Phenotyping algorithms can be applied in cross-institution studies, maintaining comparable criteria for defining
CKD across sites yet allowing the exploration of institution-specific clinical management styles or disease
trajectories [107].
Data Ecosystem Development
The CKD Translational Data Science Ecosystem presented here includes all components necessary to utilize
proteogenomics and EHR-derived phenotypes to develop and apply CKD risk prediction models [97. The essence
of the ecosystem proteogenomic analysis, CKD hazard definition, model training, interpretability, bias monitoring,
and real-world evaluation is captured by an integrated set of four end-to-end frameworks that generate required
outputs fully automatically [77]. Beginning with foundational scientific literature, each framework progressively
connects the emerging proteogenomic discipline to CKD, clustering of relevant concepts through suitable data
modalities to guide the integration of disparate domains [37]. Proteogenomic data lakes, featuring multi-omic,
multi-technology, multi-location, and multi-sample modalities, supplement CKD data lakes, enabling formal,
guiding methods to align initially uncoordinated knowledge bases, support deeper services, foster greater
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consistency, and encourage wider contributions[187. The CKD space comprises two distinct data lakes. A
standalone repository, CKD3 holds EHR-derived CKD hazard definitions and associated serving assets; the
accompanying addressable namespace supports streamlined asset discovery and usage. CKD layout, organization,
and metadata follow design principles and documentation conventions established during the CKD-AI Program,
ensuring continuity and coherence [317.
External Validation and Prospective Studies
Although the proposed CF-SV-CKD Framework has not yet undergone external validation, it can be applied to
estimate the predictive value of proteogenomic features in cohorts distinct from the discovery and internal
validation datasets [97]. The predictive performance of the proposed CKD Risk Score improves when
proteogenomic features derived from a combination of mass spectrometry-based proteomics and targeted 3D
genomics are incorporated into a prospective CKD cohort [67. It is feasible to build CHD and HF prediction
models using official MIMIC-III data and electronic health record data from the Mass Gene58bd3ca6-269d-4691-
9985-3859¢397d368 Brigham system. Expand the analysis by incorporating additional CKD-associated electronic
health record traits, such as estimated glomerular filtration rate or urine albumin—creatinine ratio measurements,
to enhance interpretability and support broader clinical utility [27]. The proposed CKD Score, derived only from
proteogenomic traits and an EHR CKD diagnosis code, is comparable to or superior to existing models. A larger
prospective cohort would allow testing of additional CKD-related EHR components and segmentation by CKD
stage. Addressing these elements could broaden applicability to new sites and patient populations [7]. Various
electronic health record datasets, distinguishing patients using proteogenomic, genetic, or no proteogenomic or
genetic data, show that prediction models are consistent across independent sites. Using public datasets, models
can be examined in terms of either reflective type or representation learning [97. External validation studies are
thus feasible. Initial indications point to rigorous governance mechanisms surrounding the implementation of the
CKD Score, calling for heightened policy engagement. Complementary real-world data analyses and systematic
efforts to tackle health disparities are underway [37].
Implementation in diverse Health Systems

Integrating proteogenomic features with EHR-derived CKD phenotypes requires addressing computational and
governance challenges that differ across health systems and necessitate synchronizing multiple activities [24].
Implementation frameworks can vary based on whether the proteogenomic and EHR data sets remain separate or
converge for proximal analysis [25]. Collaboration with additional institutions and independent CKD cohorts can
facilitate methodological advancement and ensure translational impact for diverse patient populations. Multi-
institutional proteogenomics initiatives, particularly those supported by the National Cancer Institute, could
provide relevant data ecosystems to further refine implementation scenarios and analyze population-specific bias

[32].
CONCLUSION
This study demonstrates the potential value of integrating proteogenomic biomarkers with electronic health
record—derived phenotypes to improve chronic kidney disease (CKD) risk prediction and clinical stratification.
While conventional EHR-based variables remain strong predictors of CKD onset and progression, the inclusion of
proteomic and genomic features provides additional biological context, supporting more nuanced identification of
disease phenotypes and stage-transition patterns. Importantly, interpretable modelling approaches, including
generalized additive models and feature-attribution techniques, help bridge the gap between predictive
performance and clinical transparency, enabling the identification of clinically meaningful variables associated with
CKD progression. The findings also highlight that gains in predictive accuracy from proteogenomic integration
may be modest, but improvements in interpretability, subgroup differentiation, and potential bias mitigation are
clinically relevant. Nevertheless, challenges remain for real-world implementation, including heterogeneous data
quality, limited cohort sizes for multi-omics integration, computational demands, and governance issues related to
privacy, reproducibility, and cross-population validity. Future work should prioritize large-scale prospective
validation across diverse populations, standardized pipelines for multi-omics harmonization, and evaluation of
cost-effectiveness within clinical workflows. Strengthening these elements will be essential for translating
integrative machine-learning frameworks into scalable tools for early detection, personalized risk assessment, and
improved management of CKD. Ultimately, responsible deployment of interpretable, multi-modal predictive
models could contribute significantly to advancing precision nephrology and reducing the global burden of chronic
kidney disease.
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