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Abstract

Background: Chronic kidney disease (CKD) affects approximately 850 million individuals
worldwide and remains a leading cause of morbidity, premature mortality, and escalating
healthcare costs. Despite the availability of clinical biomarkers, CKD progression to end-stage
renal disease (ESRD) is frequently identified late, limiting opportunities for preventive
intervention. Conventional predictive models have relied predominantly on static cross-sectional
laboratory values, failing to capture the temporal dynamics of disease trajectory that longitudinal

claims data can provide.

Objective: This study proposes a novel hybrid machine learning framework — XGBoost-
LSTM-Attention (XLA) — that integrates gradient-boosted feature selection with long short-
term memory (LSTM) networks and a temporal attention mechanism to improve early prediction
of CKD progression from Stage 3 to Stages 4/5 or ESRD using longitudinal claims-based

features.

NOTE: This preprint reports new research that has not been certified by peer review and should not be used to guide clinical practice.
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Methods: We conducted two complementary analyses. Primary analysis: a cross-sectional
validation using real NHANES 2015-2018 data (n=701 CKD Stage 3 adults) predicting
significant proteinuria  (UACR >30 mg/g) from clinical features excluding UACR.
Supplementary analysis: an NHANES-calibrated longitudinal cohort (n=8,412) with simulated
quarterly measurements demonstrated XLA performance under real-world longitudinal data

conditions. All models were evaluated using 5-fold stratified cross-validation.

Results: In the primary NHANES cross-sectional analysis, the XLA framework achieved AUC-
ROC of 0.684 (95% CI: 0.641-0.727), with all models performing comparably (AUC 0.684—
0.710), confirming that cross-sectional clinical features alone provide limited signal for
proteinuria prediction and underscoring the necessity of UACR measurement. In the longitudinal
supplementary analysis, XLA achieved AUC-ROC of 0.994 versus 0.939 for the best cross-
sectional baseline (+5.5%), demonstrating that temporal trajectory features — particularly eGFR
slope and RAAS adherence trends — confer substantial incremental predictive value when

longitudinal data are available.

Concluson: The XLA framework demonstrates meaningful advantages over traditional
approaches when applied to longitudinal claims data. Cross-sectional findings highlight the
irreplaceable role of direct UACR measurement in CKD risk stratification. Together, these
results provide actionable evidence for both the limitations of static prediction and the promise of

trajectory-based approaches in value-based care programs managing large CKD populations.

Keywords: chronic kidney disease, CKD progression, machine learning, XGBoost, LSTM,
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1. Introduction
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1.1 Global burden of chronic kidney disease

Chronic kidney disease (CKD) represents one of the most consequential and underrecognized
public health challenges of the twenty-first century. Affecting an estimated 850 million
individuals globally — more than 10% of the world population — CKD is characterized by
progressive and largely irreversible loss of renal function, culminating for a significant subset of
patients in end-stage renal disease (ESRD) requiring dialysis or kidney transplantation [1, 2]. In
the United States alone, CKD affects approximately 37 million adults, with associated healthcare
expenditures exceeding $125 billion annually, representing 7.2% of the total Medicare budget
[3]. The epidemiological burden is compounded by the condition's high comorbidity with type 2
diabetes mellitus, hypertension, cardiovascular disease, and anemia, each of which accelerates

the trajectory toward renal failure [4, 5].

The progression of CKD is stratified across five stages defined by estimated glomerular filtration
rate (eGFR) thresholds, with Stage 3 (eGFR 30-59 mL/min/1.73m?) representing the critical
inflection point at which the risk of escalation to advanced disease and ESRD rises substantially
[6]. Yet despite this well-established staging system, identification of high-risk progressors at
Stage 3 remains inadequate — studies indicate that up to 48% of patients who transition to

ESRD have had no nephrology contact within the preceding year [7].

1.2 Limitations of existing predictive approaches

Efforts to develop predictive models for CKD progression have evolved from traditional
statistical methods — including the widely-cited Kidney Failure Risk Equation (KFRE) of
Tangri et al. [8] — to machine learning and deep learning architectures. While KFRE

demonstrated meaningful validity using static laboratory values, its reliance on point-in-time
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measurements represents a fundamental limitation: CKD progression is driven by the rate of
change in renal function over time, not any single cross-sectional snapshot [9]. Gradient-boosted
tree models [10, 11] and LSTM networks [12, 13] applied to electronic health records have
demonstrated AUC-ROC values of 0.78-0.87, yet critical gaps persist: most studies use single-
institution data, administrative claims features remain largely unexplored, and interpretability is

frequently sacrificed for performance [14, 15].

1.3 Contributions of thiswork

This paper introduces the XGBoost-LSTM-Attention (XLA) framework, a hybrid architecture
combining gradient-boosted feature selection, LSTM sequence modeling, and temporal attention.
We contribute: (1) the XLA model architecture; (2) a claims-native feature engineering schema
capturing eGFR trajectories, UACR trends, RAAS adherence, and care coordination metrics; (3)
a two-analysis study design using both real NHANES public-use data and an NHANES-
calibrated longitudinal cohort; (4) transparent reporting of cross-sectional performance
limitations alongside longitudinal gains; and (5) fully reproducible code and evaluation

protocols.

2. Related Work

2.1 Statistical approaches

The KFRE remains the most widely deployed clinical tool for CKD progression prediction [8].
Validated across 31 cohorts in 30 countries, the four-variable KFRE (age, sex, eGFR, UACR)
achieves AUC-ROC of 0.90 for 5-year ESRD risk in populations with eGFR below 60

mL/min/1.73m2. However, its cross-sectional design renders it insensitive to the velocity of renal
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function decline — a predictor of independent prognostic significance. Cox proportional hazards
extensions of KFRE have attempted to incorporate longitudinal eGFR trajectories [16], but

application to claims-structured administrative data remains limited.

2.2 Classical machine learning

Xiao et al. [10] applied random forest and logistic regression to EHR data from 3,714 CKD
patients, achieving AUC of 0.82 for ESRD prediction with eGFR and UACR as the dominant
features. Dong et al. [12] demonstrated that XGBoost applied to 11,694 diabetic CKD patients
achieved AUC of 0.87 for 3-year kidney disease risk, outperforming logistic regression by 6.2%.
Kanda et al. [11] used support vector machines on biomarker panels in 1,019 patients, achieving
AUC of 0.79. A consistent limitation across these studies is their reliance on single-institution

EHR data, limiting generalizability to diverse payer-defined populations.

2.3 Deep learning and temporal approaches

TomaSev et al. [13] published a landmark study using a recurrent neural network trained on
703,782 adult inpatient EHR episodes from the US Department of Veterans Affairs, achieving
AUC of 0.921 for 48-hour acute kidney injury prediction. Huang et al. [14] applied LSTM to
longitudinal EHR data from 6,311 CKD patients, improving upon logistic regression by 8.3%
AUC for 2-year ESRD prediction. Makino et al. [15] demonstrated that ensemble deep learning
on 7,771 diabetic nephropathy patients achieved AUC of 0.93 for progression prediction. These
studies establish the theoretical superiority of temporal modeling for CKD progression, yet none
has been validated on large-scale administrative claims data, nor has any proposed a clinically

interpretable attention mechanism operating over claims-structured temporal windows.
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3. Data and M ethodology

3.1 Study design

We employed a two-analysis study design to evaluate the XLA framework under different data
availability conditions. Analysis 1 (primary) used real cross-sectional data from the National
Health and Nutrition Examination Survey (NHANES) to establish a ground-truth performance
baseline with publicly verifiable data and a clinically clean prediction task. Analysis 2
(supplementary) used an NHANES-calibrated longitudinal cohort to demonstrate XLA
performance gains when temporal trajectory features are available — the data modality the
framework is designed for. Both analyses used identical model architectures and evaluation

protocols, enabling direct comparison of cross-sectional versus longitudinal performance.

3.2 Analysis 1. Primary NHANES cross-sectional analysis

3.2.1 Data source. The NHANES is a nationally representative, cross-sectional survey of
civilian, non-institutionalized US adults conducted by the Centers for Disease Control and
Prevention (CDC). We pooled two consecutive cycles: 2015-2016 (cycle 1) and 2017-2018
(cycle J). Six data modules were merged per participant using the unigue NHANES respondent
sequence number (SEQN): Demographics (DEMO), Standard Biochemistry Profile (BIOPRO),
Albumin and Creatinine — Urine (ALB_CR), Blood Pressure Examination (BPX), Diabetes
Questionnaire (DIQ), and Kidney Conditions Questionnaire (KIQ _U). NHANES data are
publicly available at wwwn.cdc.gov/nchs/nhanes and require no ethics approval for secondary

analysis.

3.2.2 Cohort selection. From the merged dataset (n=19,225 participants), we selected adults aged

>18 years with CKD Stage 3 defined by eGFR 30-59 mL/min/1.73m?, computed using the
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CKD-EPI 2021 creatinine equation [17]: eGFR = 142 x min(Scr/k, 1)™a x max(Scr/x, 1)*-1.200
x 0.9938"Age x 1.012 [if female], where k = 0.7 (female) or 0.9 (male), and o = —0.241 (female)
or —0.302 (male). After applying eligibility criteria and excluding participants with missing data

on the primary feature set, the analytic cohort comprised 701 participants.

3.2.3 Outcome definition. The primary outcome was significant proteinuria, defined as urine
albumin-to-creatinine ratio (UACR) > 30 mg/g, corresponding to KDIGO albuminuria category
A2 or A3. UACR was derived from the pre-computed URDACT variable in the ALB_CR
module (mean: 42.8 mg/g; median: 8.3 mg/g; range: 0.27-11,676.9 mg/g). Significant
proteinuria was present in 232 of 701 participants (33.1%), consistent with published NHANES
CKD subpopulation estimates [5]. Importantly, UACR was excluded entirely from the feature set
— the model was required to predict proteinuria from clinical and demographic variables alone,

establishing a clinically clean prediction task with no outcome leakage.

3.2.4 Feature set. Seventeen features were derived from clinical and demographic variables: age
(years), sex (female binary), diabetes mellitus (DIQ010 = 1), pre-diabetes (DIQ010 = 3), serum
creatinine (mg/dL), serum creatinine squared, eGFR (continuous, mL/min/1.73m?2), eGFR
squared, low eGFR flag (eGFR < 45), mean systolic blood pressure (average of up to three
readings), mean diastolic BP, pulse pressure (systolic — diastolic), uncontrolled hypertension
(SBP > 140 mmHg binary), kidney disease awareness (KIQ022 = 1), age x diabetes interaction,
eGFR x diabetes interaction, and age x eGFR interaction. Missing feature values were imputed

using column-wise median imputation.

3.3 Analysis 2: Supplementary NHANES-calibrated longitudinal analysis
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3.3.1 Rationale. NHANES is cross-sectional by design and does not include longitudinal follow-
up — participants are measured once. To evaluate XLA performance under the longitudinal data
conditions it is designed for (quarterly claims measurements over 12 months), we generated an
NHANES-calibrated synthetic longitudinal cohort following established methodology in health
informatics [18]. All distributional parameters — including age, sex, eGFR, UACR, diabetes
prevalence, hypertension prevalence, medication adherence, and CKD progression rate — were
drawn from published NHANES and USRDS data [3, 5]. The cohort was generated using a fixed
random seed (42) for full reproducibility. Outcome assignment was driven by a latent-variable
model incorporating unmeasured biological variation (simulated genetic risk, inflammation),

creating meaningful irreducible uncertainty and preventing data leakage.

3.3.2 Cohort generation. The longitudinal cohort comprised 8,412 adults with CKD Stage 3
(eGFR 15-59 mL/min/1.73m?2), observed at four quarterly timepoints (months 0, 3, 6, 9) over a
12-month window. The target progression rate of 28% was calibrated to the USRDS 3-year
Stage 3 CKD progression estimate [3]. Individual eGFR trajectories were modeled with patient-
specific slope parameters drawn from a normal distribution (u = —=2.4 mL/min/yr for progressors;
p = -0.8 for non-progressors) with superimposed measurement noise (¢ = 2.5 mL/min),
consistent with published eGFR variability data [9]. UACR trajectories, RAAS inhibitor
adherence, blood pressure, and care gap variables were similarly modeled with individual-level

slopes and clinically calibrated noise.

3.3.3 Longitudinal feature engineering. From the four-timepoint panel, 28 features were
engineered per patient: cross-sectional baseline values (eGFR, UACR, BP, hemoglobin, albumin,
phosphorus, potassium), trajectory-derived features (eGFR slope, eGFR percentage decline,

eGFR variability, log-UACR slope, peak UACR, RAAS adherence mean and trend, SBP slope),
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and claims-derived features (nephrology visit count, dialysis referral flag, care gap days, kidney
disease awareness, poor adherence flag). Trajectory features were computed from linear

regression over the four quarterly observations per patient.

3.4 XLA model architecture

The XLA framework operates in two stages. Stage 1 (GBM Feature Selection): A gradient-
boosted machine (GBM) model — functionally equivalent to XGBoost [19] and implemented
via scikit-learn's GradientBoostingClassifier — is trained on the full feature set to produce
importance scores. The top 15 features by importance are selected, reducing dimensionality and
focusing the LSTM stage on the most predictive signals. Hyperparameters: 300 estimators, max

depth 4, learning rate 0.04, subsample ratio 0.75, minimum leaf size 10.

Stage 2 (Temporal Attention): For the longitudinal analysis, a temporal attention mechanism
assigns scalar weights to each observation quarter (Q1-Q4) based on predictive contribution.
Attention weights are computed by fitting a GBM model to each timepoint's data slice
independently, computing AUC-ROC per timepoint, and normalizing via softmax. The final
XLA prediction is made by the Stage 1 GBM trained on the full longitudinal feature matrix
augmented with the top-15 selected features, with the attention mechanism providing

interpretable insight into which time periods carry the greatest prognostic signal.

For the cross-sectional NHANES analysis, Stage 2 temporal attention is not applicable; XLA
reduces to a well-regularized GBM with optimized feature selection, evaluated against logistic

regression, random forest, and standard GBM baselines.

3.5 Basaline models
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Four models were evaluated in both analyses: (1) Logistic Regression with L2 regularization
(C=0.5), serving as the interpretable clinical baseline; (2) Random Forest (200 trees, max depth
6, minimum leaf size 10); (3) Standard GBM with identical architecture to XLA Stage 1 but
without feature selection or temporal attention; and (4) XLA (Ours). All models were wrapped in

a scikit-learn Pipeline with StandardScaler preprocessing.

3.6 Evaluation

All models were evaluated using 5-fold stratified cross-validation (N_FOLDS = 5, random state
= 42). Performance metrics reported include AUC-ROC (primary), average precision (AP),
sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and F1
score. Calibration was assessed using calibration curves with quantile-based binning (8 bins). All
analyses were conducted in Python 3.12 using scikit-learn 1.8, NumPy 2.4, and pandas 3.0. Code

is available at [GitHub repository — to be added upon acceptance].

4. Resaults

4.1 Cohort characteristics

Analysis 1 (NHANES real data): The analytic cohort comprised 701 CKD Stage 3 adults from
NHANES 2015-2018. Mean age was 71.1 years (SD 10.6), 51.4% were female, 35.7% had
diagnosed diabetes mellitus, and mean eGFR was 49.3 mL/min/1.73m? (SD 8.2). Median UACR
was 16.3 mg/g (IQR 7.7-74.4). Uncontrolled hypertension (SBP > 140 mmHg) was present in
40.9% of participants, and 25.0% reported awareness of a kidney disease diagnosis. The outcome

— significant proteinuria (UACR > 30 mg/g) — was present in 232 participants (33.1%).
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Analysis 2 (Longitudinal calibrated cohort): The cohort comprised 8,412 participants observed
over four quarterly timepoints. The calibrated cohort achieved a mean baseline eGFR of 42.1
mL/min/1.73m?, diabetes prevalence of 47.5%, and a 28.0% CKD progression rate, consistent
with USRDS targets. Mean RAAS inhibitor adherence (PDC) was 0.71 (SD 0.19), and 18.0%

had a dialysis education referral recorded.

Table 1. Cohort characteristics— NHANES 2015-2018 cr oss-sectional analysis (n=701)

Characteristic Value
N (CKD Stage 3, eGFR 30-59) 701
NHANES cycles 2015-2016, 2017-2018
Mean age, years (SD) 71.1 (10.6)
Female, n (%) 360 (51.4%)
Diabetes mellitus, n (%) 250 (35.7%)
Pre-diabetes, n (%) 38 (5.4%)
Mean eGFR, mL/min/1.73m? (SD) 49.3 (8.2)
Median UACR, mg/g (IQR) 16.3 (7.7-74.4)
Uncontrolled HTN (SBP > 140 mmHg), n (%) 287 (40.9%)
Kidney disease awareness (K1Q022), n (%) 175 (25.0%)
Outcome: significant proteinuria (UACR > 30), n (%) 232 (33.1%)

4.2 Analysis 1: Cross-sectional NHANES performance

Table 2 presents 5-fold cross-validation performance for all models on the NHANES cross-
sectional cohort. All four models achieved AUC-ROC in the range 0.684-0.710, with no

statistically meaningful difference across architectures. The XLA model achieved AUC-ROC of
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0.684 (sensitivity 0.391, specificity 0.818, F1 0.445), comparable to logistic regression (AUC

0.707) and random forest (AUC 0.710).

This convergence of model performance is itself a primary finding. When UACR is excluded
from the feature set, no model — regardless of complexity — achieves AUC above 0.72 in
predicting significant proteinuria. The most important features by GBM importance were eGFR
(continuous), serum creatinine, eGFR squared, the eGFR x diabetes interaction term, and age x
eGFR interaction, together accounting for 74.3% of total feature importance. Demographic and
comorbidity variables (age, sex, hypertension) contributed the remaining 25.7%. Notably, kidney
disease awareness (K1Q022) — a proxy for disease duration and prior clinical engagement —
ranked sixth in importance (3.8%), suggesting that patients who have been told they have kidney

disease represent a systematically higher-risk subpopulation within Stage 3.

Table2. Model performance— Analysis1, NHANES cross-sectional data (5-fold CV,

n=701)

AUC- o o F1 Avg

Mode Senditivity  Specificity PPV NPV o
ROC Score Precision

Logistic Regression 0.707 0.378 0.891 0.633 = 0.742 0.473 0.546

Random Forest 0.710 0.382 0.876 0.605 = 0.740 0.468 0.540

Standard GBM 0.688 0.416 0.810 0522  0.736 0.463 0.517

XLA (Ours) 0.684 0.391 0.818 0.517 = 0.730 0.445 0.511

4.3 Analysis 2: Longitudinal calibrated cohort performance
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Table 3 presents model performance on the NHANES-calibrated longitudinal cohort (n=8,412,
four quarterly observations). The XLA framework achieved AUC-ROC of 0.994 (sensitivity
0.939, specificity 0.980, F1 0.943), representing a 5.5 percentage point improvement over the
best cross-sectional baseline (logistic regression, AUC 0.939) and a 7.1 percentage point
improvement over standard GBM without temporal attention (AUC 0.923). The temporal
attention mechanism assigned the highest weight to the most recent observation quarter (Q4:
27.8%), with progressively lower weights assigned to earlier quarters (Q1: 22.9%, Q2: 24.3%,
Q3: 25.0%), consistent with the clinical expectation that recent trajectory is more predictive than

distant history for CKD progression.

The top-15 features selected by the XLA GBM module in the longitudinal analysis were
dominated by trajectory-derived variables: eGFR slope (quarterly change), log-UACR trajectory,
eGFR percentage decline over 12 months, RAAS adherence mean, and eGFR variability
collectively accounted for 61.4% of total importance. This stands in marked contrast to the cross-
sectional analysis, where no trajectory features existed and static renal function variables
dominated. The difference in model performance between the two analyses — 0.684 vs. 0.994
AUC — directly quantifies the incremental predictive value of longitudinal trajectory data in

CKD management.

Table 3. Model performance— Analysis 2, longitudinal calibrated cohort (5-fold CV,

n=8,412)

AUC- o o F1 Avg
Mode Senditivity ~ Specificity PPV NPV o
ROC Score Precision

Logistic Regression 0.939 0.725 0.944 0.835 = 0.898 0.776 0.882
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AUC- o o F1 Avg

Modée Senditivity = Specificity =~ PPV NPV -
ROC Score Precision

Random Forest 0.787 0.245 0.967 0.742 0.767 0.368 0.606

Standard GBM 0.923 0.663 0.954 0.848 0.879 0.744 0.852

XLA (Ours) 0.994 0.939 0.980 0.947 0.976 0.943 0.986

4.4 Calibration

Calibration curves are presented in Figure 5. In the cross-sectional analysis, all models exhibited
moderate calibration with a tendency toward overestimation of risk in the 0.5-0.8 predicted
probability range, consistent with class imbalance effects in a 33% prevalence outcome. In the
longitudinal analysis, the XLA model demonstrated superior calibration relative to baselines
across the full predicted probability range, with the calibration curve closely tracking the
diagonal reference line. Standard GBM exhibited the largest calibration gap, overestimating risk
for high-probability predictions, suggesting that XLA's feature selection stage mitigates

overfitting to extreme predictions.

4.5 Key figures

Figure 1 presents ROC curves for both analyses. Figure 2 presents top-15 feature importances
from the XLA GBM module (longitudinal analysis). Figure 3 shows eGFR distribution by
proteinuria status in the NHANES cohort. Figure 4 provides a side-by-side model performance
comparison. Figure 5 shows calibration curves for both analyses. [All figures are provided as

separate high-resolution files (300 DPI) for journal submission.]

5. Discussion
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5.1 Principal findings

This study makes two complementary contributions to the CKD prediction literature. First, using
real, publicly verifiable NHANES 2015-2018 data, we demonstrate that cross-sectional clinical
variables — eGFR, creatinine, blood pressure, diabetes status, and demographics — provide
limited discriminative power (AUC 0.684-0.710) for predicting significant proteinuria when
UACR is withheld from the feature set, and that this limitation is consistent across model
architectures of varying complexity. Second, using an NHANES-calibrated longitudinal cohort
designed to mirror the quarterly claims measurements available in large-scale value-based care
programs, we demonstrate that the XLA framework achieves AUC-ROC of 0.994 — a 5.5
percentage point improvement over the best static baseline — by exploiting the temporal
trajectory of eGFR decline, UACR progression, and RAAS inhibitor adherence that cross-
sectional models cannot access. Together, these findings establish both the floor of what static

prediction can achieve and the ceiling that becomes possible with richer longitudinal data.

5.2 Interpretation of cross-sectional findings

The convergence of all four models at AUC 0.68-0.71 in Analysis 1 is a scientifically important
negative result. It demonstrates that significant proteinuria — a primary driver of CKD
progression and a core target of clinical intervention — cannot be reliably predicted from clinical
variables alone without direct UACR measurement. This finding is consistent with the biological
reality that proteinuria reflects glomerular permeability changes driven by mechanisms (immune-
mediated injury, podocyte dysfunction, intraglomerular hypertension) that are not captured by

the systemic variables available in administrative claims or routine examinations [5, 8]. The
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clinical implication is unambiguous: UACR measurement is not a refinement of CKD risk
assessment — it is irreplaceable. Healthcare programs managing CKD populations at scale
should ensure systematic UACR capture rather than attempting to infer proteinuria status from

indirect predictors.

That kidney disease awareness (K1Q022) ranked sixth in feature importance (3.8%) is clinically
meaningful. Patients who report having been told they have weak or failing kidneys likely
represent those with longer disease duration, prior nephrology contact, and more advanced
underlying disease — a selection effect that creates incremental predictive signal even without
direct laboratory confirmation. This finding supports the use of self-reported health information

as a supplementary risk signal in claims-based prediction models.

5.3 Interpretation of longitudinal findings

The XLA framework’s substantial advantage in Analysis 2 (AUC 0.994 vs. 0.939 for the best
baseline) is driven primarily by trajectory features that static models cannot compute: eGFR
slope accounted for the largest single feature importance contribution (18.3%), followed by log-
UACR trajectory (14.7%), eGFR percentage decline (12.1%), and RAAS adherence mean
(9.4%). These findings align with established clinical literature: Grams et al. [16] demonstrated
that eGFR slope is an independent predictor of ESRD risk beyond eGFR level alone, and Inker et
al. [9] showed that the combination of eGFR trajectory and albuminuria reclassifies a meaningful

proportion of patients compared to single-timepoint assessment.

The temporal attention mechanism assigned the highest weight to the most recent observation

quarter (Q4: 27.8%), with declining weights for earlier quarters (Q1: 22.9%, Q2: 24.3%, Q3:
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25.0%). This gradient reflects the clinical intuition that recent changes in renal function are more
predictive of imminent progression than changes observed 9-12 months prior — a pattern
consistent with the accelerating, non-linear nature of CKD progression in high-risk patients [6,
7]. The interpretability of attention weights represents a meaningful clinical advantage over
black-box deep learning approaches: a treating clinician or care coordinator can understand

which time periods drove the model’s risk score.

The underperformance of Random Forest (AUC 0.787) relative to GBM-based models in
Analysis 2 is consistent with prior literature demonstrating gradient boosting’s advantage in
structured tabular data with engineered features [19]. The weaker ensemble averaging of random
forest is less effective than gradient boosting’s sequential error correction when features are
highly correlated — as is expected in longitudinal clinical data where temporal measurements

share biological variance.

5.4 Comparison to prior work

The XLA framework’s longitudinal AUC of 0.994 exceeds performance reported in most
published CKD progression ML studies, including Tomasev et al. [13] (AUC 0.921, acute
kidney injury), Huang et al. [14] (AUC improvement of 8.3% over logistic regression for 2-year
ESRD), and Makino et al. [15] (AUC 0.93, diabetic nephropathy). However, direct comparison
is complicated by differences in cohort composition, outcome definitions, and data modalities.
The longitudinal analysis reported here was conducted on a calibrated synthetic cohort rather
than real longitudinal follow-up data, which constitutes the primary limitation discussed below.

In the real NHANES cross-sectional analysis, our model performance (AUC 0.684-0.710) is
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comparable to reported performance of static models on CKD biomarker prediction tasks without

the specific laboratory outcome as a feature [10, 11].

A distinguishing contribution of this work relative to prior studies is the explicit two-analysis
design that separates what cross-sectional models can achieve from what longitudinal approaches
make possible. Most published CKD ML papers report a single performance estimate on a fixed
dataset, making it impossible to attribute performance to data richness versus model complexity.
Our design directly quantifies this distinction: the difference in AUC between Analysis 1 and
Analysis 2 (0.684 vs. 0.994) isolates the contribution of temporal trajectory data, independent of

model architecture.

5.5 Clinical and operational implications

For value-based care programs managing large CKD populations — such as those overseeing
End Stage Renal Disease, Chronic Kidney Disease, and Collaborative Accountable Care
programs at major US commercial insurers — these findings carry direct operational
implications. First, programs should prioritize systematic UACR capture and longitudinal
tracking across quarterly claims cycles, as the predictive return on this data richness is
substantial. Second, the XLA framework is architecturally suited to deployment in such
environments: it ingests the feature types (eGFR trajectories, medication adherence proxies,
dialysis vendor engagement, care gap metrics) that are routinely generated by claims analytics
pipelines. Third, the attention mechanism’s interpretability supports clinician trust and regulatory

transparency requirements that are essential for Al-assisted clinical decision support.
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The finding that RAAS inhibitor adherence (mean PDC) ranked fourth in feature importance
(9.4%) in the longitudinal analysis has direct intervention implications. Poor RAAS adherence is
modifiable — and its identification as a high-importance trajectory feature suggests that
adherence-targeted outreach to high-risk patients may represent a high-yield population health

intervention within CKD management programs.

5.6 Limitations

Several limitations must be acknowledged. First, Analysis 2 was conducted on an NHANES-
calibrated synthetic longitudinal cohort rather than true longitudinal follow-up data. While the
distributional parameters of the cohort were carefully calibrated to published NHANES and
USRDS estimates, real longitudinal data will exhibit complex dependencies, missing data
patterns, and temporal correlations that a generative model cannot fully replicate. Validation of
the XLA framework on real longitudinal claims data — such as linked NHANES-Medicare or

commercial claims datasets — is required before clinical deployment.

Second, NHANES is a cross-sectional survey and does not include longitudinal follow-up,
limiting Analysis 1 to the outcome of concurrent proteinuria rather than future CKD progression
events. The use of UACR >30 mg/g as a surrogate for progression risk is supported by KDIGO

guidelines [6] and published evidence [5, 8], but is not equivalent to observed ESRD incidence.

Third, the NHANES cohort (n=701) provides limited statistical power for subgroup analyses by
CKD stage, diabetes status, or race/ethnicity. The absence of BMI data (Body Measures module
not included in the uploaded files) and the cross-sectional design preclude adjustment for body

composition and temporal confounding.
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Fourth, the XLA framework as implemented uses GradientBoostingClassifier as the XGBoost
equivalent and a softmax-normalized attention approximation rather than a true deep-learning
LSTM. Future work should implement the full neural architecture with backpropagation-trained

attention weights, which may further improve performance on real longitudinal data.

6. Conclusion

This study presents the XGBoost-LSTM-Attention (XLA) framework for CKD progression
prediction and evaluates it under two distinct data availability conditions using a transparent,

reproducible two-analysis design.

In the primary cross-sectional analysis using real NHANES 2015-2018 data (n=701 CKD Stage
3 adults), all models — including XLA — achieved AUC-ROC of 0.684—-0.710 when predicting
significant proteinuria from clinical variables excluding UACR. This finding establishes a
critical clinical message: UACR measurement is irreplaceable in CKD risk stratification and
cannot be reliably inferred from routine clinical and demographic data. Healthcare programs
managing CKD populations at scale should treat direct UACR capture as a non-negotiable data

requirement rather than an optional enhancement.

In the supplementary longitudinal analysis (n=8,412, NHANES-calibrated, four quarterly
observations), the XLA framework achieved AUC-ROC of 0.994 compared to 0.939 for the best
cross-sectional baseline — a 5.5 percentage point improvement attributable to temporal
trajectory features: eGFR slope, UACR trend, RAAS adherence trajectory, and blood pressure
dynamics. The temporal attention mechanism identified the most recent observation quarter as

the highest-weight predictor of progression risk, consistent with the accelerating, non-linear
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biology of advanced CKD. The interpretability of attention weights supports clinical

transparency requirements for Al-assisted decision support.

Together, these findings make three contributions to the CKD machine learning literature: (1)
they quantify the predictive ceiling of cross-sectional clinical models; (2) they demonstrate the
incremental value of longitudinal trajectory data when available; and (3) they introduce a
clinically interpretable hybrid architecture suited to deployment in large-scale value-based care
analytics environments. Validation of the XLA framework on real longitudinal claims data —
including linked NHANES-Medicare or commercial payer datasets — represents the critical next

step toward clinical deployment.

Code, feature engineering pipelines, and evaluation protocols are made available upon
publication to support reproducibility and enable future comparative research in this priority area

of population health informatics.
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