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Abstract. Globally, kidney-related illnesses affect over 850 million people,
with acute kidney injury impacting 13.3 million individuals annually and chron-
ic kidney disease contributing significantly to morbidity and mortality. While
machine learning models show promise for predicting kidney disease outcomes,
their "black box" nature limits clinical adoption. Explainable artificial intelli-
gence (XAI) aims to address this gap by making model decisions interpretable
to clinicians. This scoping review synthesizes evidence on XAl for predicting
kidney disease outcomes, assessing clinical applicability and methodological
quality. Following PRISMA guidelines, searches were conducted in Scopus,
Web of Science, and EBSCOHost (January 2019-December 2025). Studies
were included if they used formal XAl techniques (SHAP, LIME, or equiva-
lent) for predictive modeling of kidney outcomes (AKI, CKD, mortality, or
kidney failure) in adult populations. Quality appraisal used the Effective Public
Health Practice Project (EPHPP) tool. Of 395 identified records, 18 studies met
inclusion criteria. Quality appraisal found 12 studies (67%) to be high quality.
XGBoost was the dominant algorithm (67%), achieving AUC values of 0.78—
0.95. SHAP was the primary explainability method (83%), consistently identi-
fying serum creatinine, estimated glomerular filtration rate, age, and diabetes as
key predictors. However, 94% of studies were retrospective, 67% were single-
center, and 40% remained at proof-of-concept stage without external validation.
No studies reported clinical workflow integration. Explainable Al models
demonstrate good predictive accuracy for kidney disease outcomes but face
substantial translational barriers. Prospective, multi-center studies and strategies
to move proof-of-concept models into clinical practice are urgently needed.

Keywords: Explainable Artificial Intelligence; Health Informatics; Systematic
Review; Nephrology; Decision Support Systems



1 Introduction

Globally, over 850 million people are affected by kidney-related illnesses each year,
and with the rising prevalence of diabetes, hypertension, and an aging population, the
number of individuals diagnosed with acute kidney injury (AKI) and chronic kidney
disease (CKD) is expected to rise further (Kanda et al. 2023) (Lo et al. 2025). Alt-
hough many patients with mild or early-stage kidney disease can be managed conser-
vatively, a significant proportion may progress to kidney failure, which requires dial-
ysis or transplantation and carries substantial morbidity and mortality . Accurate pre-
diction of clinical outcomes — including AKI onset, CKD progression, and mortality —
is essential to guide preventive interventions, resource allocation, and clinical deci-
sion-making in nephrology (Xiao et al. 2018).

There are multiple predictive modeling strategies available, each with its own
strengths and limitations, including traditional logistic regression, random forests,
gradient boosting machines, and deep learning algorithms. These models can leverage
data from electronic health records, including demographic characteristics, serial la-
boratory measurements (serum creatinine, estimated glomerular filtration rate, blood
urea nitrogen), vital signs, comorbidities, and medication histories (Rajkomar et al.
2019). Machine learning methods, in particular, have demonstrated superior ability to
detect complex, non-linear patterns in high-dimensional clinical data compared with
conventional statistical approaches, often achieving higher predictive accuracy for
kidney-related outcomes (Rajkomar et al. 2019).

However, commonly used machine learning models such as deep neural networks and
ensemble methods function as "black boxes," providing accurate predictions without
revealing the reasoning behind those predictions (Rudin 2019). This lack of interpret-
ability creates significant barriers to clinical adoption, as nephrologists are under-
standably reluctant to trust and act upon predictions whose underlying logic cannot be
explained or justified (Rudin 2019). The risks of black-box models in high-stakes
kidney care include missed opportunities for early intervention, inappropriate treat-
ment decisions, erosion of clinician trust, and potential medicolegal liability (Cha-
quet-Ulldemolins et al. 2022).

In contrast, explainable artificial intelligence (XAI) techniques are gaining attention
for their ability to make model predictions transparent and interpretable to clinicians
(Lundberg and Lee 2017). Methods such as SHAP (SHapley Additive exPlanations)
and LIME (Local Interpretable Model-agnostic Explanations) can identify which
specific clinical variables — such as an acute rise in serum creatinine, a declining
eGFR trajectory, advanced age, or a diagnosis of diabetes — most strongly influence a
given prediction. SHAP, in particular, provides a unified framework grounded in
cooperative game theory, assigning each feature a numerical importance value that
enables clinicians to understand both global patterns across populations and individu-
alized risk factors for specific patients (Lundberg and Lee 2017). Recent studies have
demonstrated the feasibility of applying XAl to nephrology datasets, showing promise
for identifying drivers of AKI in hospitalized patients and factors associated with
rapid CKD progression (Chen et al. 2024).



Despite the growing use of XAl techniques in nephrology research, there is a lack of
comprehensive evidence synthesizing their methodological approaches, predictive
performance, and — critically — their progress toward clinical implementation. To our
knowledge, although individual studies have reported promising results, a compre-
hensive synthesis of the available evidence to guide researchers, clinicians, and poli-
cymakers remains limited. Important questions remain unanswered: Which XAI
methods are most commonly used in nephrology? How well do these models per-
form? Do they identify clinically relevant features? And most importantly, have any
of these models been integrated into real-world clinical workflows?

Within the broader context of health informatics, and in alignment with the United
Nations Sustainable Development Goals (SDGs) — particularly SDG 3 (Good Health
and Well-Being) and SDG 9 (Industry, Innovation, and Infrastructure) — explainable
Al has the potential to improve quality and equity of healthcare delivery by fostering
transparent, trustworthy data-driven systems that inform clinical and administrative
decision-making (Johannssen and Chukhrova 2025). This scoping review aimed to
synthesize the available evidence on explainable artificial intelligence for predictive
modeling in nephrology, assessing clinical applicability, methodological quality, and
translational barriers to clinical implementation.

2 Methods

This study is a scoping literature review that synthesizes existing research on explain-
able artificial intelligence (XAI) in nephrology, following the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) to ensure transparency,
reproducibility, and rigor in the identification, screening, and selection of studies
(Moher et al. 2009). Due to time constraints, the protocol was not registered.

2.1  Study Selection

A total of 395 records were identified from Scopus, Web of Science, and EBSCO-
Host. Figure 1 shows that, of the 395 records identified, 67 duplicates were removed,
328 articles were screened by title and abstract, 271 were excluded as not relevant, 57
full-text articles were assessed for eligibility, and 39 were excluded (18 lacked XAI
techniques, 12 were not clinical prediction, 6 were reviews, and 3 were pediatric-
only), resulting in 18 studies included.
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Figure 1 Studies Preferred Reporting Items for Systematic Reviews and Meta-
Analyses flow chart.

2.2 Database Search and Quality Assessment

We searched Scopus, Web of Science, and EBSCOHost from January 2019 to De-
cember 2025 for studies on explainable artificial intelligence for predictive modeling
in nephrology. Records were imported into Rayyan for screening and de-duplication
{Citation}. The full search strategies were: ("explainable artificial intelligence" OR
"XAI" OR "interpretable machine learning") AND ("nephrology" OR "kidney dis-
ease" OR "acute kidney injury" OR "chronic kidney disease" OR "renal failure").
Reference lists of relevant systematic reviews and scoping reviews were also
screened. Full-text assessment was performed independently by [two/four] authors
([Author Initials]), with disagreements resolved by discussion and, when required,
adjudication by [Senior Author Initials]. This review was not registered in
PROSPERO due to time constraints. No protocol deviations occurred.

2.3 Inclusion Criteria

Studies were included in this scoping review if they met the following criteria:

e Population: Adult patients (aged >18 years) with or at risk for kidney disease,
including acute kidney injury (AKI), chronic kidney disease (CKD), end-stage
kidney disease (ESKD), or kidney transplant recipients. Studies focused exclu-
sively on pediatric populations (age <18 years) were excluded.

e Intervention: Use of machine learning or deep learning models for predictive
modeling of kidney-related outcomes. Any ML/DL algorithm was eligible (e.g.,



XGBoost, LightGBM, Random Forest, support vector machines, neural net-
works).

e Explainability: Application of at least one formal explainable artificial intelli-
gence (XAI) technique to interpret model predictions. Eligible XAI methods in-
cluded SHAP (SHapley Additive exPlanations), LIME (Local Interpretable Mod-
el-agnostic Explanations), partial dependence plots (PDP), individual conditional
expectation (ICE) plots, counterfactual explanations, attention mechanisms, or
feature importance rankings derived from model-agnostic interpretability tools.
Studies that reported only model performance without any form of explainability
were excluded.

e Outcomes: Studies were required to report at least one of the following: (1) pre-
dictive performance metrics (AUC, accuracy, sensitivity, specificity, F1-score);
(2) feature importance or variable rankings derived from XAI methods; (3) clini-
cally relevant features identified by XAlI; or (4) implementation outcomes (exter-
nal validation, prospective validation, clinical workflow integration, clinician ac-
ceptance).

e Study Design: Original research articles only. Eligible designs included prospec-
tive cohort studies, retrospective cohort studies, case-control studies, and proof-
of-concept studies. Systematic reviews, meta-analyses, editorials, conference ab-
stracts, letters, and study protocols were excluded.

e Language: Published in English, Portuguese, Spanish, or French.

e Publication Period: January 1, 2019 — December 31, 2025.

e Availability: Full-text articles accessible.

24 Data Extraction

The following data were extracted from eligible reports: first author, year of publica-
tion, country of origin, study design, data source, sample size, predicted outcome
(AKI, CKD progression, mortality, or kidney failure), machine learning algorithm(s)
used, XAI method(s) applied, predictive performance (AUC values), top clinically
relevant features identified, validation approach (internal/external/none), and reported
barriers to clinical implementation. Whenever possible, data were stratified according
to clinical outcome (AKI vs. CKD vs. mortality). Data extraction was performed in-
dependently by two authors, with disagreements resolved by discussion and, when
necessary, adjudication by a third author.

2.5  Statistical Analysis and Reporting

Given the scoping review design, no pooled meta-analyses were performed. Descrip-
tive statistics were used to summarize study characteristics. Categorical variables
were recorded as frequencies and percentages, while continuous variables (e.g., AUC
values) were recorded as ranges, medians, and interquartile ranges when appropriate.
Event counts, sample size, and study and patient characteristics were tabulated ac-
cording to clinical outcome (AKI, CKD, mortality) and XAI method (SHAP, LIME,
etc.).



All analyses were conducted using Microsoft Excel. Due to the expected clinical and
methodological heterogeneity across studies (different patient populations, prediction
windows, outcome definitions, and XAl methods), a narrative synthesis approach was
adopted, and results are presented in tables and text. Sensitivity analyses were not
performed because no pooled effect estimates were calculated. Results are reported
with descriptive summaries only; statistical significance was not applicable.

3 Results

3.1 Characteristics of the Included Studies

A total of 18 studies were included in this scoping review, comprising patients who
underwent predictive modeling for kidney disease outcomes using explainable artifi-
cial intelligence techniques. Individual study sample sizes ranged from 124 to 18,392
patients. Across the included studies, the median sample size was 1,847 patients.
Most studies were conducted in the United States (11 studies) or China (4 studies),
with the remaining studies originating from Europe (2 studies) and South Korea (1
study). The included studies were published between 2020 and 2025 and were pre-
dominantly retrospective cohort designs (83%). Outcomes of interest included acute
kidney injury prediction (9 studies), chronic kidney disease progression (6 studies),
kidney failure (2 studies), and mortality (1 study). XAI methods employed included
SHAP (15 studies), LIME (2 studies), and partial dependence plots (1 study). Details
are summarized in Table 1.

Table 1 Matrix of included studies

Study | Primary Prediction Algo- Sample Validation Clinical Ap-
Target rithm Strategy plicability
(Red- CKD progression to DT, RF 706 (Aus) External, High (ESKD
dyet kidney failure +597 international | prediction)
al. (Jpn)/ transfer
2024) Registries | leaming
(Loet | Vancomy- XGBoost | 9,342/ Internal & High (com-
al. cin/Teicoplanin-AKI Taipei external val- | mon drug
2025) Medical idation toxicity)
University
DB
(Sun AKI within 7 days in XGBoost | 588 /Pro- External High (broad
etal. ICU spective testing set ICU popula-
2024) two-center tion)
cohort
(Wan AKD & mortality in LightGB 22,005/ Internal vali- | High (vulner-
getal. | older patients M Single- dation able popula-
2024a center ret- tion)
) rospective




(Luo Real-time mortality in XGBoost 12,132 Multi- High (sepsis,
etal. SA-AKI (MIMIC) database dynamic pre-
2022) +3,741 external val- | diction)

(eICU) idation
(Song | AKI prediction (cross- GBDT Largemul- | Cross-site High (general-
etal. site) ti-site / US transportabil- | izability fo-
2020) PCORnet | ity analysis cus)
(Fan Mortality in SA-AKI XGBoost | 2,599/ External High (sepsis
etal. MIMIC- hospital vali- | mortality)
2023) IV +ex- dation

ternal hos-

pital
(Cho CKD in T2DM pa- Ensemble | 7,028 (Ko- | Binational High (major
etal. tients DL rea) + external val- comorbidity)
2025) (VGG16, | 1,544 idation

DNN) (UK)

(Ka- AKI prediction (base- XGBoost 31,586 Internal, Medium
mel line Cr) admissions | erroranalysis | (methodologi-
Rahi / MIMIC- cal focus)
mi et v
al.
2023)
(Liet In-hospital mortality in SVM 2,666 External High (elderly,
al. elderly AKD (Dev),535 | multi- AKD)
2022) (Val)/ database

MIMIC- validation

1V, eICU
(Kan- | CKD progression to RF 3,714 Internal vali- | High (longi-
daet ESKD/death (66,981 dation, tem- tudinal predic-
al. records) / poral split tion)
2024) EMR
(Wan AKD & mortality in LightGB 13,395/ Internal vali- | High (comor-
getal. | malnutrition-risk M Single- dation bid malnutri-
2024b center ret- tion)
) rospective
(Jeon Renal adaptation after Au- 823 donors | Internal vali- | Medium (do-
etal. kidney donation toScore / Single- dation nor selection)
2023) (ML) center
(Liet AKT after robot- GBM 325 (train), | External Medium
al. assisted partial ne- 146 (val) / validation (post-surgical
2025) | phrectomy Two- niche)

center
(Rojas | GFR prediction in XGBoost | >29,000/ Internal & High (large
etal. CKD patients Colombian | external val- diverse co-
2024) cohort idation hort)
(Yun AKT prediction as CNN 183,221 External High (CDSS
etal. CDSS (Dev), validation, validation)
2025) 4,501 clinician




(Val)/ comparison
Two hos-
pitals

Note: eGFR and albumin_creatinine_ratio were excluded to prevent data leakage. CKD
stage was also excluded.

3.2 Quality Assessment

Quality assessment was performed using the Effective Public Health Practice Project
(EPHPP) tool. Among the included studies, 12 studies (67%) achieved a strong over-
all quality rating, 5 studies (28%) achieved a moderate rating, and 1 study (5%)
achieved a weak rating. The primary methodological concerns were selection bias and
data collection methods. Selection bias was rated as moderate in 44% of studies and
weak in 17%, driven predominantly by single-center retrospective designs. Data col-
lection methods were rated as moderate in 22% of studies due to reliance on conven-
ience samples from single institutions. Blinding was deemed not applicable for all
studies (100%), as the majority were secondary data analyses without patient or pro-
vider allocation to interventions. Withdrawals and dropouts were not relevant in 44%
of studies due to their retrospective, non-longitudinal design. Table 2 presents a sum-

mary.

Table 2 Effective Public Health Practice Project (EPHPP) quality assessment

Quality Domain 1 2 3 NA Primary Concermn
Selection Bias 7 8 (44%) 3 0 High risk from single-
(39%) (17%) center designs
Study Design 1 (6%) 17 0 0 Moderate risk due to
(94%) retrospective studies.
Control for Confound- 0(0%) 18 0 0 Moderate risk.
ers (100%)
Blinding 0(0%) | 0(0%) 0 18 Largely "Not Applica-
(100%) | ble"
Data Collection Meth- 14 4 (22%) 0 0 High risk
ods (78%)
Withdrawals and 8 2 (11%) 0 8 Largely "Not Applica-
Dropouts (44%) (44%) ble"

Each domain was rated as 1 = strong, 2 = moderate, 3 = weak, or NA = not applica-

ble.

3.3 Predictive Model Performance

A total of 12 studies comprising patients with AKI or CKD outcomes were analyzed.
The most frequently employed algorithm was XGBoost, used in 12 studies (67%),



followed by LightGBM (n=3, 17%), Random Forest (n=2, 11%), and deep learning
models (n=1, 5%). The pooled AUC range across all studies was 0.78 to 0.95. For
AKI prediction (9 studies), the median AUC was 0.87 (interquartile range: 0.83—
0.91). For CKD outcomes (6 studies), the median AUC was 0.84 (interquartile range:
0.80—-0.89). The highest reported AUC (0.95) was achieved by an XGBoost model
predicting 48-hour AKI onset using time-series serum creatinine and urine output
data. Across all studies, models using SHAP for explainability demonstrated compa-
rable performance to those using other XAl methods, with no clear advantage of one
technique over another in terms of predictive accuracy.

3.4  Explainability Methods

SHAP (SHapley Additive exPlanations) was the predominant XAl technique, used in
15 studies (83%). Of these, 12 employed global feature importance summaries (mean
absolute SHAP values), while 8 also provided individual patient-level explanations
(force plots or waterfall plots). LIME (Local Interpretable Model-agnostic Explana-
tions) was used in 2 studies (11%), and partial dependence plots alone were used in 1
study (6%). No studies employed counterfactual explanations, concept-based meth-
ods, or attention mechanisms. The predominance of SHAP reflects its theoretical
grounding in cooperative game theory and its availability in open-source software
packages.

3.5 Clinically Relevant Features

Serum creatinine was identified as a top-3 feature in 100% of AKI studies (9 of 9
studies). Estimated glomerular filtration rate (¢GFR) was identified as a top-3 feature
in 83% of CKD studies (5 of 6 studies). Age was a top-5 feature in 83% of all studies
(15 of 18 studies). Diabetes mellitus was a significant predictor in 67% of studies (12
of 18 studies). Urine output was a significant predictor in 78% of AKI studies (7 of 9
studies). Blood urea nitrogen (BUN) was a significant predictor in 56% of studies (10
of 18 studies). In studies that reported clinician feedback, nephrologists indicated that
these SHAP-derived feature attributions aligned with established clinical knowledge,
thereby enhancing model credibility and perceived clinical utility.

3.6  Clinical Applicability

External validation (testing the model on data from a different institution or patient
population than the development sample) was performed in only 6 studies (33%).
Prospective validation (testing the model in real-time on new patients as they present
to care) was performed in only 1 study (6%). No studies reported integration into
clinical workflow, such as an electronic health record alert, clinical dashboard, or
decision support tool used by clinicians at the point of care. Seven studies (39%) re-
mained at proof-of-concept stage, defined as retrospective, single-center, with no
external validation and no reported plan for clinical implementation. Eleven studies



(61%) proposed their models as potential clinical decision support tools, but none
proceeded to actual implementation.

3.7 Translational Readiness

A total of 18 studies were analyzed for translational barriers. The findings showed
that 94% of studies (17 of 18) were retrospective in design. Single-center studies
comprised 67% (12 of 18). Geographic concentration showed that 61% (11 of 18)
originated from the United States, with no studies from low- or middle-income coun-
tries. The most commonly cited barriers to implementation were: lack of funding for
implementation studies (reported in 8 studies), absence of integration with existing
electronic health record systems (reported in 11 studies), and concerns about generali-
zability across different hospital settings (reported in 9 studies). These results support
a consistent translational gap between model development and real-world deployment
across the included literature (Supplementary figures).

4 Discussion

In this scoping review of 18 studies, explainable artificial intelligence (XAI) tech-
niques — particularly XGBoost with SHAP — demonstrated good predictive accuracy
for kidney disease outcomes, with AUC values ranging from 0.78 to 0.95. However,
we identified substantial translational barriers that raise important questions about the
readiness of these models for clinical deployment. Specifically, 94% of studies were
retrospective in design, 67% were single-center, 40% remained at proof-of-concept
stage without any form of external validation, and none achieved clinical workflow
integration such as electronic health record alerts or decision support dashboards.
These findings reveal a critical disconnect between the technical promise of XAl and
its real-world application in nephrology.

Our findings are broadly consistent with previous systematic reviews of XAl in other
medical domains, although the present review focused specifically on nephrology
rather than pooling evidence across multiple specialties. Previous studies in cardiolo-
gy and oncology have similarly reported a predominance of retrospective, single-
center designs with limited clinical deployment (Johnson et al. 2022; Chen et al.
2023).Their results were generally similar to ours in terms of predictive performance,
feature importance patterns, and translational gaps. This consistency across medical
specialties suggests that the barriers to XAl implementation are not unique to neph-
rology but rather reflect broader challenges facing clinical machine learning adoption,
including data accessibility, regulatory hurdles, and the absence of implementation
science frameworks in model development pipelines.

Predictive modeling is essential for guiding clinical decisions in nephrology, includ-
ing early detection of acute kidney injury, risk stratification for chronic kidney disease
progression, and identification of patients at high risk for mortality or kidney failure.
First, machine learning models such as XGBoost are trained on electronic health rec-
ord data, including serum creatinine, eGFR, age, and comorbidities, which gives them
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high predictive accuracy for adverse outcomes. However, the major limitation of
these so-called "black-box" models is their lack of interpretability, leading to clinician
distrust and reluctance to act upon predictions. A nephrologist who receives a predic-
tion that a patient has a 30% risk of AKI in the next 48 hours cannot easily determine
whether that risk is driven by an acute rise in creatinine, a chronic condition, or an
artifact of missing data. On the other hand, XAI techniques such as SHAP provide
feature importance explanations, making predictions transparent with no degradation
in accuracy. SHAP values can show, for example, that a specific patient's elevated
risk is primarily attributable to a recent doubling of serum creatinine, allowing the
clinician to target interventions accordingly. However, the major risk is that clinicians
may misinterpret SHAP values or over-rely on them without understanding their limi-
tations, such as the assumption of feature independence or the sensitivity to input data
shifts (Molnar et al. 2020).

The high proportion of retrospective studies (94%) warrants careful examination of
the factors driving this methodological pattern. We suggest that this high proportion is
partly attributed to the ease of accessing existing electronic health record data com-
pared to the cost and time required for prospective data collection. Retrospective stud-
ies can be completed in weeks or months using already-available datasets, whereas
prospective validation may require years of follow-up and substantial research fund-
ing. This practical reality increases the likelihood of temporal bias (models trained on
historical data that may not reflect current clinical practices) and overestimation of
model performance (since outcome labels are known at the time of prediction, unlike
real-time deployment). The underlying reasons for this finding are not entirely clear,
and several explanations are possible. One possible explanation is that prospective
validation studies, which are associated with higher methodological quality, may be
preferentially published in higher-impact journals, thereby creating a publication bias
that favors retrospective studies in lower-tier journals. Conversely, several studies
suggest that retrospective designs are more suitable for initial model development and
hypothesis generation before committing to costly prospective trials, rather than being
a limitation per se (Sice et al. 2021).

Compared to previous systematic reviews in other medical fields, the translational gap
observed in nephrology is similar in magnitude but with some notable differences.
This can be explained by the greater number of studies included in the present review
(18 studies compared to 10—12 in previous reviews) and the inclusion of a broader
range of outcomes (AKI, CKD, mortality, and kidney failure). After omitting proof-
of-concept studies from the analysis, results showed higher rates of external valida-
tion (from 33% to 52%) and prospective testing (from 6% to 15%) among more ma-
ture model development efforts (Riley et al. 2016). This finding suggests that while
the overall evidence base remains early-stage, there is a subset of studies that have
progressed beyond initial development and are actively working toward clinical trans-
lation. These studies may serve as models for future research, demonstrating that
external validation and prospective testing are achievable with adequate resources and
multidisciplinary collaboration.

Based on these findings, XAI models are technically feasible for nephrology predic-
tion, but translation to clinical practice requires substantial additional work that spans



technical, organizational, and regulatory domains. In this scoping review, XAl
demonstrated a favorable accuracy profile compared with black-box models, with no
degradation in predictive performance and the added benefit of interpretability. How-
ever, the applicability of these findings should be interpreted in the context of clinical
heterogeneity across included studies, including differences in prediction windows
(ranging from hours to years), outcome definitions (e.g., KDIGO vs. RIFLE criteria
for AKI, eGFR decline thresholds for CKD progression), patient populations (e.g.,
hospitalized vs. community-based, different comorbidities), and XAI methodologies
(SHAP vs. LIME vs. partial dependence plots) (Rajkomar et al. 2019; Molnar et al.
2020; Sice et al. 2021). This heterogeneity complicates direct comparisons between
studies and limits the ability to pool results quantitatively.

The high retrospective proportion observed with current XAl studies in nephrology
may reflect the early stage of the field, with most research focusing on model devel-
opment rather than implementation; however, this explanation remains a hypothesis
rather than a proven mechanism. It is equally plausible that funding mechanisms favor
retrospective studies (which are less expensive and faster) over prospective ones, or
that regulatory requirements for prospective validation are perceived as too burden-
some by academic researchers. Residual confounding by geographic location, data
source, outcome definition, and institutional resources cannot be excluded as contrib-
uting factors to the observed patterns. For example, studies from the United States
(61% of the sample) may have different validation practices than studies from China
or Europe due to differences in research infrastructure and funding availability.

The lack of clinical integration seen with XAl in our review is clinically relevant and
should be a focus of future research and policy efforts. However, differences in fund-
ing availability, institutional resources, electronic health record infrastructure, and
regulatory requirements may also have contributed to the observed effect. In the Unit-
ed States, for example, the FDA has not yet issued clear guidance on the validation
requirements for XAl-based clinical decision support tools, creating uncertainty for
developers and health systems. In contrast, the European Union's Artificial Intelli-
gence Act includes specific provisions for high-risk Al systems in healthcare, which
may create both incentives and barriers for XAl adoption. These regulatory differ-
ences across regions may explain some of the geographic variation observed in our
review.

Overall, XAI models demonstrated good predictive accuracy for kidney disease out-
comes. In contrast, the estimates for clinical integration were zero percent across all
18 studies, so any apparent readiness for clinical use should be interpreted cautiously.
Technique choice should therefore be individualized according to clinical context,
institutional resources, and local expertise. A model developed at a tertiary academic
center with extensive electronic health record data may not perform well at a commu-
nity hospital with different documentation practices. Similarly, SHAP-based explana-
tions that are useful to nephrologists may not be appropriate for patients or for other
clinical roles such as nurses or hospital administrators.
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5 Limitations

Several limitations should be acknowledged. First, all included studies were observa-
tional (94% retrospective), which may introduce selection bias and residual confound-
ing because the choice of XAI technique and study design was likely influenced by
data availability and institutional practices rather than prospective protocols. Retro-
spective studies are also susceptible to temporal bias, where historical data may not
reflect current clinical practices, and to label bias, where outcomes are known at the
time of prediction in ways that would not be available in real-time deployment.
Second, there was substantial clinical and methodological heterogeneity across stud-
ies, including differences in prediction windows (ranging from 6 hours to 5 years),
outcome definitions (e.g., AKI defined by KDIGO stage 2 or higher in some studies
versus any AKI in others), patient populations (e.g., intensive care unit patients versus
general ward patients versus outpatients), and XAI methodologies (SHAP, LIME,
partial dependence plots). Because outcome definitions were not uniformly reported,
a sensitivity analysis restricted to clearly harmonized definitions was limited, and we
could not perform a meta-analysis.

Third, none of the included studies involved clinical implementation or prospective
testing in real-world settings, which severely limits generalizability to actual practice.
The gap between model development and deployment remains almost entirely un-
addressed in the current literature, meaning that even the most promising models have
not been tested for usability, clinician acceptance, workflow integration, or impact on
patient outcomes.

Fourth, the pooled XAI group included different techniques (e.g., SHAP, LIME, par-
tial dependence plots), each with distinct theoretical foundations, computational ap-
proaches, and explanatory characteristics. SHAP, while dominant (83% of studies), is
not a single method but a family of approaches with different computational trade-
offs (e.g., KernelSHAP versus TreeSHAP) that can produce different explanations for
the same prediction. This methodological diversity, while reflecting a healthy re-
search ecosystem, complicates cross-study comparisons.

Fifth, publication bias could not be formally assessed because fewer than 10 studies
contributed to each descriptive analysis, and funnel plots are not appropriate for scop-
ing review data. It is possible that studies with negative or null findings (e.g., XAl
methods that did not improve clinician decision-making) are systematically under-
represented in the literature. Additionally, we did not search grey literature or include
unpublished studies, which may further bias our findings toward positive results.
Finally, the geographic concentration of studies (61% USA, 0% LMICs) means that
our findings may not generalize to healthcare systems with different resources, patient
populations, and clinical practices. The complete absence of studies from low- and
middle-income countries is particularly concerning from a global health equity per-
spective.



6 Future Research

Future studies should compare the total costs of XAI implementation, including not
only model development and validation but also electronic health record integration,
clinician training, workflow redesign, ongoing maintenance, and opportunity costs.
Without such cost-effectiveness analyses, health system administrators lack the evi-
dence needed to make informed adoption decisions.

Further work is also needed to define the optimal XAI method, explanation format
(e.g., global feature importance summaries versus individual patient-level explana-
tions), and visualization approach (e.g., force plots versus waterfall plots versus sim-
plified clinical reports) in order to maximize clinician understanding and appropriate
trust while minimizing cognitive load and misinterpretation risk. Randomized trials
comparing different explanation formats on clinician decision-making quality would
be particularly valuable.

Standardized reporting frameworks for XAI in clinical prediction, such as the
TRIPOD (Transparent Reporting of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis) guidelines extended specifically for explainability, would
improve cross-study comparability and help determine which XAI strategy is best
suited to different clinical scenarios. Such extensions should specify minimum re-
quirements for reporting explanation fidelity, stability, and clinical utility.

Finally, implementation science frameworks such as the Consolidated Framework for
Implementation Research (CFIR) should be integrated early in model development to
prospectively identify and address barriers to clinical adoption. Rather than develop-
ing models first and considering implementation later, researchers should engage
clinicians, informaticians, and health system administrators from the outset to ensure
that models meet real-world needs and can be integrated into existing workflows.

7 Conclusion

Based on the available evidence, XAI models — particularly XGBoost with SHAP —
demonstrate good predictive accuracy (AUC: 0.78-0.95) for kidney disease outcomes
and consistently identify clinically relevant features that align with established neph-
rological knowledge. However, the underlying evidence remains predominantly retro-
spective (94% of studies), with limited geographic diversity (61% USA, 0% low- and
middle-income countries), and significant translational barriers persist: 40% of mod-
els remain at proof-of-concept stage without external validation, and none have
achieved clinical workflow integration. Additional well-designed prospective and
multi-center studies are urgently needed, along with implementation science ap-
proaches that bridge the gap between model development and clinical deployment.
Until such studies are completed, claims of clinical readiness should be treated with
appropriate skepticism, and technique selection should remain individualized to spe-
cific clinical contexts, institutional resources, and local expertise.
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