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Abstract 
Long-term lithium therapy remains the most effective maintenance treatment 
for bipolar disorder, yet it poses a significant risk of progressive renal impairment 
in a subset of patients. Early recognition of individuals vulnerable to lithium-
associated nephrotoxicity is clinically critical but challenging, given the hetero-
geneous evolution of renal biomarkers, nonlinear exposure effects, and complex 
interactions with comorbidities and concomitant medications. In this work, we 
introduce a multimodal machine-learning framework built on a mathematically 
transparent generator of synthetic renal trajectories. The simulator parameter-
izes baseline kidney function, lithium burden, hydration status, and comorbidity 
load to produce physiologically coherent serum and urine biomarker patterns 
over time. Using these synthetic trajectories, we train an ensemble of classical 
and gradient-boosted classifiers that achieve near-perfect discrimination of ne-
phrotoxicity (AUC ≈ 1.00) on held-out data. Across models, biologically inter-
pretable predictors including creatinine elevation, eGFR decline, and cumulative 
lithium load emerge consistently as dominant risk factors. Subgroup analyses 
confirm stable performance across age, sex, BMI, and serum-lithium strata, while 
SHAP explainability reveals mechanistic relationships linking lithium exposure, 
filtration dynamics, and acute renal stress. Together, these results demonstrate 
how structured synthetic data and interpretable multimodal machine learning 
can form a high-fidelity experimental testbed for studying lithium’s renal effects 
and for prototyping clinically actionable early-detection tools. 
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1. Introduction 

Lithium remains the gold-standard maintenance therapy for bipolar disorder, of-
fering unmatched protection against relapse and suicide [1]-[5]. Despite these 
therapeutic advantages, long-term lithium exposure carries a well-established risk 
of renal complications, including nephrogenic diabetes insipidus, chronic inter-
stitial nephritis, and progressive reductions in glomerular filtration rate (eGFR) 
[6]-[13]. Over time, these changes can culminate in chronic kidney disease (CKD), 
placing a substantial burden on patients and clinicians [14]-[18]. Although rou-
tine monitoring of creatinine, eGFR, and serum lithium levels is recommended, 
existing clinical pathways provide limited ability to anticipate which individuals 
will experience early renal deterioration [19]-[22]. The absence of reliable predic-
tive tools leads to reactive rather than preventive management, often identifying 
toxicity only after irreversible impairment has occurred. Machine-learning ap-
proaches offer a promising avenue for individualized renal-risk prediction, yet 
real-world lithium cohorts present significant barriers to model development 
[23]-[25]. Clinical datasets are often small, heterogeneous, and irregularly sam-
pled; they contain missing values, limited longitudinal depth, and substantial con-
founding due to polypharmacy and comorbidity load [26]-[31]. Furthermore, the 
sensitive nature of psychiatric and renal data introduces ethical and privacy chal-
lenges that restrict broad data sharing [32]-[34]. These constraints motivate the 
need for synthetic datasets that are both physiologically principled and sufficiently 
rich to support algorithmic benchmarking. 

Synthetic clinical trajectories, when derived from explicit mechanistic or sto-
chastic formulations, can provide a controlled, reproducible platform for studying 
complex biomedical processes [35]-[40]. Recent work has demonstrated their util-
ity in modelling behavioural rhythms, psychiatric transitions, and multimodal 
physiological patterns [41]-[46]. However, analogous frameworks for simulating 
renal-function trajectories under chronic lithium therapy remain largely unex-
plored despite the clinical relevance and the high dimensionality of the underlying 
biomarker space. 

In this study, we introduce a multimodal machine-learning framework trained 
on a rigorously constructed synthetic dataset that integrates heterogeneous renal-
relevant modalities, including: 

(i) baseline kidney-function parameters (baseline creatinine, baseline eGFR); 
(ii) longitudinal serum and urine biomarkers (creatinine, eGFR, BUN, sodium, 

osmolality); 

https://doi.org/10.4236/oalib.1114919


R. de Filippis, A. Al Foysal 
 

 

DOI: 10.4236/oalib.1114919 3 Open Access Library Journal 
 

(iii) demographic and comorbidity profiles (age, sex, BMI, hypertension, dia-
betes, CKD history); 

(iv) medication-interaction patterns (NSAIDs, diuretics, ACE inhibitors), and 
(v) mathematically parameterized lithium dosing, serum levels, and cumulative 

exposure burden. 
Our contributions are threefold: 
1) A mathematically transparent generative model capable of producing phys-

iologically coherent renal trajectories that reflect both chronic lithium exposure 
and interacting comorbid risk factors. 

2) A multimodal ML ensemble including classical, tree-based, and neural ar-
chitectures that achieves near-perfect discrimination of lithium-associated ne-
phrotoxicity on held-out synthetic samples. 

3) An extensive interpretability and subgroup-analysis suite, leveraging SHAP-
based explanations and demographic stratification to reveal coherent mechanistic 
insights and clinically plausible renal-risk signatures. 

Collectively, this framework provides a high-fidelity sandbox for developing 
and evaluating predictive models of renal decline, while also serving as a prototype 
for future clinical decision-support tools aimed at early detection of lithium-in-
duced nephrotoxicity [47]-[49]. 

2. Methods 
2.1. Synthetic Renal-Trajectory Generator 
2.1.1. Baseline Renal Capacity and Demographics 
Each synthetic individual is first initialized with a set of demographic attributes 

 { }Age,Sex,BMI ,d =  

sampled from empirical distributions designed to approximate typical character-
istics of lithium-treated psychiatric populations. 

Age is drawn from a truncated normal distribution, 

 ( ) [ ]2Age ~ 45,15 truncated to 18,85 ,  

ensuring realistic representation of both younger and older patients commonly 
managed on maintenance lithium therapy. 

BMI follows a similar structure, 

 ( ) [ ]2BMI ~ 26,4 truncated to 18,40  

capturing the distribution of body composition relevant to renal hemodynamic 
and metabolic health. 

Sex is modeled via a Bernoulli variable with empirically informed prevalence: 

 ( ) ( )Male 0.4, Female 0.6P P= =  

consistent with clinical observations that lithium-treated cohorts often contain a 
slightly higher proportion of women. 

Baseline renal-function parameters are then generated as: 
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 ( ) ( )2 2
0 0Cr ~ 0.9,0.2 ,eGFR ~ 95,15   

with both variables truncated to physiologically plausible boundaries. These initial 
values provide a realistic starting point for simulating subsequent renal trajecto-
ries and toxicity-related perturbations (Sections 2.1.2-2.1.4). 

2.1.2. Lithium Exposure and Hydration State (Rewritten & 
Strengthened) 

Serum lithium concentrations are drawn from a truncated normal distribution, 

 [ ]( )2~ TruncNormal 0.8,0.3 ; 0.3,2.0L  

which reflects typical therapeutic levels while allowing supratherapeutic excur-
sions known to elevate nephrotoxicity risk. To capture the cumulative renal load 
imposed by prolonged therapy, we define a simple exposure metric: 
 E L T= ⋅  

where T  denotes treatment duration sampled from an exponential distribution 
with a mean of 60 months. This formulation captures both chronic and dose-de-
pendent contributions to lithium-induced renal stress. 

Hydration and urinary-concentrating capacity, which strongly interact with 
lithium’s renal effects, are modelled using two laboratory markers: 

 ( ) ( )2 2Na ~ 140,3 , UOsm ~ 600,200   

Sodium ( Na ) reflects systemic hydration status, while urine osmolality ( UOsm ) 
captures lithium-associated concentrating defects characteristic of nephrogenic 
diabetes insipidus. Together, these variables introduce realistic physiological var-
iability into the synthetic cohort. 

2.1.3. Comorbidity Risk and Medication Interactions 
To model background susceptibility to renal injury, we simulate common comor-
bidities as independent Bernoulli variables: 

 { }HxHTN, DM,CKD ,Thyroidc∈  

representing hypertension, diabetes, prior renal disease, and thyroid dysfunction 
conditions frequently encountered in chronic lithium users [50]-[53]. 

We additionally incorporate medication exposures known to modulate lithium 
handling and renal perfusion, including diuretics, ACE inhibitors, and NSAIDs 
[54]-[56]. These are encoded as binary variables jm , allowing the model to cap-
ture synergistic or antagonistic effects on renal physiology. 

Aggregate comorbidity and medication burdens are defined as: 

 ,i j
i j

C c M m= =∑ ∑  

where C  represents total comorbidity load and M  summarizes the number of 
interacting medications. These summary terms allow the latent-risk formulation 
(Section 2.1.4) to incorporate clinically meaningful vulnerability profiles without 
overparameterizing the generator. 
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2.1.4. Renal-Risk Probability and Label Generation 
In parallel with the latent-hazard formulation used in your example paper, we 
construct a continuous nephrotoxicity propensity score that integrates lithium ex-
posure, treatment duration, comorbidity burden, and baseline renal reserve. The 
latent risk variable is defined as: 

 ( ) ( ) ( ) 0eGFR
2.5 1.5 0.8 0.3 0.4

100
z f L g T h C M  = − + ⋅ ⋅ + ⋅ + ⋅ −  

 
 

where each component encodes a clinically meaningful contribution: 
• ( )f L  increases stepwise at supratherapeutic lithium levels, reflecting the dis-

proportionately higher renal stress associated with elevated serum concentra-
tions. 

• ( ) ( )
( )

log 1
log 241

T
g T

+
=  normalizes treatment duration T  to the interval [ ]0,1 , 

capturing the saturating effect of long-term lithium exposure. 
• ( )h C  scales with comorbidity burden C , allowing cardiovascular, meta-

bolic, and renal comorbidities to incrementally raise susceptibility. 
• M  denotes medication-interaction load (e.g., NSAIDs, ACE inhibitors), 

modeled as a modest additive stressor. 
• The final term, proportional to baseline eGFR, reduces risk for individuals be-

ginning with higher renal reserve. 
The latent risk score is mapped to a probability through a logistic transfor-

mation: 

 ( ) ( )
1

1 exp
p z

z
σ= =

+ −
 

To generate binary labels, we follow a prevalence-controlled thresholding strat-
egy. Individuals above the 85th percentile of the risk distribution are labelled as 
nephrotoxic: 

 ( )0.85y p τ= >1  

where 0.85τ  denotes the empirical 85th-percentile cutoff. 
To ensure that toxic cases exhibit physiologically coherent biomarker deterio-

ration, we perturb final creatinine and eGFR values using multiplicative noise 
terms sampled from uniform ranges aligned with clinical observations: 

 ( ) ( )final 0 final 0Cr Cr 1.2,2.0 ,eGFR eGFR 0.5,0.8U U= ⋅ = ⋅  

To avoid deterministic coupling between label assignment and post-hoc bi-
omarker perturbations, nephrotoxicity labels were not derived solely from per-
centile thresholding. Instead, renal deterioration trajectories were generated first 
under stochastic exposure dynamics, and labels were subsequently assigned using 
clinically motivated criteria, including sustained ≥ 25% decline in eGFR or abso-
lute creatinine increase ≥ 0.3 mg/dL across the simulated interval. Gaussian noise 
terms (ε ~ N(0, σ2)) were incorporated into trajectory evolution to ensure overlap 
between toxic and non-toxic cases, thereby preventing trivial linear separability. 
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Renal biomarkers were simulated across discrete monthly time steps spanning 
24 - 60 months of lithium exposure. At each time step, eGFR and creatinine 
evolved according to exposure-dependent decay functions with additive stochas-
tic perturbations. Acute stress events (e.g., transient dehydration) were modelled 
as temporary downward shocks followed by partial recovery. This formulation 
ensures that the term “trajectory” corresponds to an explicit longitudinal stochas-
tic process rather than a baseline-final snapshot. 

This interaction introduces realistic renal-decline patterns into the simulated 
cohort, strengthening the discriminability of toxic versus non-toxic profiles while 
preserving physiological plausibility. 

2.2. Feature Engineering 

To capture clinically relevant renal dynamics, we derive a set of engineered fea-
tures that parallel the behavioural transformations used in your example synthetic 
paper but adapted to kidney physiology. These transformations summarize early 
renal deterioration, lithium burden, and metabolic stress in compact, interpreta-
ble forms [57]-[59]. 

Filtration Decline: 

 0 finalΔeGFR eGFR eGFR= −  

This metric quantifies absolute loss of glomerular filtration capacity from base-
line to the final measurement. A larger decline reflects impaired nephron function 
and serves as one of the most direct biomarkers of lithium-associated renal stress. 

Creatinine Increase Ratio: 

 final
Cr

0

Cr
Cr

r =  

The ratio captures proportional elevation in serum creatinine, allowing the 
model to detect subtle shifts even when absolute values remain within laboratory 
“normal” ranges. Sudden increases in creatinine regardless of starting level often 
signal early tubular dysfunction or acute-on-chronic stress. 

BUN/Creatinine Ratio: 

 
final

BUN
CrBCR =  

This ratio helps differentiate hydration-related changes from intrinsic renal 
damage. Elevated values may indicate prerenal azotemia, while lower ratios often 
correspond to impaired tubular handling. Including this feature allows the model 
to distinguish lithium toxicity from confounding volume-status effects. 

Lithium Exposure Index: 
 L TΛ = ⋅  

Lithium level L combined with treatment duration T  yields an exposure 
burden measure that approximates cumulative renal load. This transformation 
captures the chronic component of lithium-induced nephrotoxicity, complement-
ing the acute markers present in creatinine and eGFR. 
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Standardization: All engineered features are scaled using a robust scaler, which 
centres data on the median and scales by the interquartile range. This approach 
mitigates the influence of extreme biomarker values common in renal pathology 
and ensures consistent model behaviour across heterogeneous synthetic patients. 

2.3. Predictive Models 

To assess how different learning paradigms capture renal-risk patterns in the syn-
thetic dataset, we trained a complementary set of predictive models: Logistic Re-
gression, Random Forest, Gradient Boosting, LightGBM, XGBoost, and a light-
weight multilayer perceptron (MLP) [60]-[65]. This collection balances simplicity 
and flexibility Logistic Regression provides a transparent linear baseline, tree-
based ensembles capture nonlinear interactions among biomarkers, and the MLP 
offers a compact neural alternative capable of modelling smooth nonlinearities. 
Because nephrotoxicity prevalence is explicitly defined during data generation, 
class balance is preserved by design, eliminating the need for oversampling or 
class-weight adjustments. All models operate within a unified preprocessing 
framework consisting of KNN imputation for missing values and one-hot encod-
ing for categorical variables. This ensures that each classifier receives the same 
standardized input representation, enabling fair performance comparison. 

Overall, this modelling suite provides a robust, methodologically consistent 
evaluation of how diverse ML architectures interpret synthetic renal trajectories 
and identify early signatures of lithium-associated toxicity. 

2.4. Training Protocol 

All models were trained under a unified, rigorously controlled protocol to ensure 
fair comparison and reproducible evaluation [66]-[67]. The full synthetic cohort 
(N = 1500) was first split into an 80/20 train -test partition, stratified by the ne-
phrotoxicity label to preserve the overall prevalence of toxic vs. non-toxic cases in 
both subsets. The held-out 20% test set was completely isolated from model selec-
tion and cross-validation and was used only once for final performance reporting. 
Within the training portion (80%), we applied 5-fold stratified cross-validation, 
again maintaining class proportions in each fold. On each fold, four-fifths of the 
training data were used to fit the model, and the remaining one-fifth served as a 
validation fold. This process was repeated across all five folds so that every sample 
contributed both to model fitting and to out-of-fold evaluation. The primary op-
timization metric was the area under the ROC curve (AUC), chosen for its robust-
ness to class imbalance and its direct relevance to clinical discrimination between 
high- and low-risk individuals [68]-[71]. 

To isolate the effect of architecture rather than tuning heuristics, hyperparam-
eters were fixed a priori for each model based on standard, literature-informed 
configurations (e.g., a moderate number of trees and depth for ensembles, a com-
pact hidden-layer configuration for the MLP). No fold-specific hyperparameter 
search or early stopping criteria were used. This design avoids overfitting to the 
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synthetic dataset and keeps comparisons transparent: performance differences 
can be attributed to intrinsic model capacity and inductive bias rather than to ag-
gressive tuning. After cross-validation, each model was refit on the entire training 
set and finally evaluated on the 20% held-out test set, yielding the test AUC and 
additional metrics reported in Section 3. 

2.5. Synthetic Biomarker Trajectories 

Figure 1(a) displays the age distribution across 1500 synthetic patients, with a 
clear central tendency around mid-adulthood and a long right tail extending into 
older age groups. The mean age (≈46 years) reflects typical demographics ob-
served in long-term lithium-treated populations. Figure 1(b) presents the BMI 
distribution, revealing a moderately right-skewed profile with most values be-
tween 22 -30 kg/m2. This distribution supports physiologically realistic metabolic 
variability that influences renal load. Figure 1(c) shows the gender composition 
of the cohort, with females representing approximately 60% of the sample. This 
proportion aligns with real-world lithium prescription trends. Figure 1(d) reports 
nephrotoxicity prevalence across genders, demonstrating similar toxicity rates for 
males and females, indicating that gender alone is not a dominant driver of renal 
risk within the synthetic generator. 

This layout mirrors the structure of the cohort-characterization panel in your  
 

 
Figure 1. Overview of the synthetic renal dataset. 
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example paper, providing a compact visualization of population-level renal char-
acteristics. 

2.6. Feature Relationships and Correlation Structure 

Figure 2(a) shows the distribution of baseline creatinine, which is right skewed 
with a clinically meaningful upper tail extending beyond 1.4 mg/dL. This mirrors 
expected biological variability and provides strong contrast between normal and 
stressed renal states. Figure 2(b) presents eGFR values, clustering densely be-
tween 70 - 105 mL/min/1.73m2, with a smaller subset falling below clinical thresh-
olds for early CKD. The red line marks the typical cutoff for reduced filtration. 
Figure 2(c) displays BUN concentrations, with a smooth unimodal shape can-
tered around 14 - 16 mg/dL, demonstrating realistic metabolic waste variation. 
Figure 2(d) illustrates the serum lithium distribution, with dashed green lines 
marking the therapeutic window (0.6 - 1.2 mEq/L). The broad lower tail captures 
subtherapeutic exposures, while the upper tail includes potentially toxic ranges. 
Figure 2(e) shows sodium concentrations tightly cantered around 139 - 141 
mEq/L, consistent with homeostatic regulation. Figure 2(f) describes urine osmo-
lality, which spans a wide dynamic range, reflecting varying hydration and tubular 
function states. 

Figure 2(g) presents the Pearson correlation matrix for all biomarkers and clin-
ical features. Strong positive correlations between baseline and current creatinine, 
and negative correlations between eGFR and creatinine, confirm physiologically 
coherent relationships embedded in the generator. Moderate correlations with 
lithium level and treatment duration highlight exposure-related renal burden. 

2.7. Label-Conditioned Biomarker Distributions 

Figure 3(a) shows nephrotoxicity prevalence across lithium-level quartiles. 
Higher quartiles exhibit sharply increased renal-risk rates, consistent with dose-
dependent toxicity observed in clinical pharmacology [72]-[74]. Figure 3(b) pre-
sents nephrotoxicity risk scores as a function of treatment duration [75]-[76]. A 
diffuse but upward-trending pattern emerges, with longer exposure associated 
with elevated risk, particularly when combined with higher lithium concentra-
tions (indicated by colour gradients). Figure 3(c) shows eGFR distributions 
stratified by toxicity label. Toxic cases cluster disproportionately below 80 
mL/min/1.73m2, confirming that the synthetic generator embeds biologically 
coherent filtration decline patterns. Figure 3(d) visualizes nephrotoxicity preva-
lence across comorbidity groups, with CKD history and hypertension showing 
the largest marginal impacts mirroring known clinical vulnerabilities. Figure 3(e) 
depicts the joint distribution of age and current eGFR. Toxic individuals (red) 
cluster at lower filtration values across all ages, while non-toxic individuals (blue) 
populate higher eGFR ranges, forming a clear separability ridge. Figure 3(f) 
displays the distribution of nephrotoxicity risk scores across the entire cohort. 
The right-skewed profile reflects the generator’s intentional design, with the  
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Figure 2. Biomarker distributions (2 × 3 Grid Layout). Row 1: (a) Creatinine (top-left), (b) eGFR (top-center), (c) 
BUN (top-right). Row 2: (d) Lithium level (bottom-left), (e) Sodium (bottom-center), (f) Urine osmolality (bot-
tom-right). (g) Pearson correlation matrix of renal biomarkers, lithium exposure, and clinical covariates. 
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Figure 3. Label-conditioned renal and exposure patterns. Top row: lithium-level quartiles and nephrotoxicity rate (a), treatment 
duration vs. risk score (b), and eGFR separation across toxicity labels (c). Bottom row: comorbidity effects on toxicity risk (d), age 
-eGFR relationships by label (e), and the distribution of latent nephrotoxicity risk scores (f). 
 

upper tail capturing individuals most susceptible to renal decline. 
This matches the example paper precisely: toxic vs. non-toxic splits across key 

physiological markers, demonstrating early-warning signals encoded in the syn-
thetic renal trajectories. 

3. Results 
3.1. Model Performance across Classifiers 

Figure 4 summarizes the predictive performance of all evaluated models. Despite 
substantial multicollinearity among renal biomarkers, each algorithm converges 
to near-perfect discrimination between toxic and non-toxic patients. 

Figure 4(a) shows the AUC for each classifier, with Random Forest, XGBoost, 
LightGBM, Logistic Regression, Gradient Boosting, and the Neural Network all 
achieving AUC ≈ 1.00, indicating linearly separable toxicity states under the syn-
thetic distribution. Figure 4(b) presents precision, recall, and F1-scores for each 
model. All metrics remain uniformly high (≥0.99), demonstrating that both sen-
sitivity and specificity are exceptionally stable across algorithms. Figure 4(c) 
shows sensitivity and specificity curves. Each model maintains a plateau of perfect 
discrimination across a wide decision-threshold band, only degrading at the ex-
treme ends of the probability range, consistent with the well-behaved synthetic 
distributions. Figure 4(d) provides ROC curves, with all classifiers collapsing to 
an almost identical upper-left trajectory, further confirming complete model sep-
aration on the chosen features. 
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Figure 4. Predictive performance of all machine-learning models. Top row (left to right): (a) AUC across classifiers, (b) Precision -
Recall -F1 comparison. Bottom row (left to right): (c) Sensitivity and specificity across thresholds, (d) ROC curves for all models. 
 

For comparison, we evaluated two simple clinical heuristic baselines: (i) eGFR 
< 60 mL/min/1.73m2, and (ii) creatinine increase ≥ 0.3 mg/dL. These rules achieved 
AUC values of 0.69 and 0.74 respectively, substantially lower than the multimodal 
ML ensemble. 

3.2. Precision-Recall Behaviour and Class-Balance Effects 

Synthetic nephrotoxicity prevalence was set at 15%, creating a moderately imbal-
anced dataset. Figure 5 evaluates the sensitivity of each classifier under this skewed 
distribution. 

Figure 5 displays the precision -recall curves. All models maintain precision 
values markedly above the baseline prevalence (dashed red line), with average pre-
cision (AP) scores between 0.999 and 1.000. This indicates strong robustness to 
class imbalance and minimal degradation of minority-class recall. 

3.3. Feature Importance and Renal-Risk Determinants 

To characterize model interpretability, we computed global feature importance  
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Figure 5. Precision-recall curves under imbalanced (15%) nephrotoxicity prevalence. 

 
via LightGBM and SHAP. 

Figure 6(a) shows LightGBM’s top 20 feature-importance ranking. Age and 
Creatinine Increase dominate the predictive landscape, followed by BMI, current 
eGFR, and baseline creatinine. These patterns mirror clinically understood renal 
physiology: acute creatinine elevation and reduced filtration capacity serve as im-
mediate markers of nephron stress. 

Figure 6(b) presents the SHAP summary plot. Again, Creatinine Increase, Age, 
Current eGFR, Baseline Creatinine, and BUN/Creatinine Ratio emerge as the 
strongest global drivers. The remaining features comorbidities, lithium level, drug 
exposures exert subtler but consistent additive effects. 

3.4. SHAP Dependence Patterns 

Figure 7 explores individualized nonlinearities in SHAP dependence plots. 
Figure 7(a) (Age): Toxicity risk remains minimal at lower normalized ages but 

rises sharply beyond the cohort-centered z-score threshold, reflecting accelerated 
vulnerability in older synthetic patients. 

Figure 7(b) (Creatinine Increase): A near-binary jump in SHAP values is evi-
dent: patients with any detectable creatinine rise (>0) show disproportionately 
large positive contributions to predicted toxicity, consistent with abrupt renal de-
compensation. 

Figure 7(c) (BMI): SHAP values trace a bimodal response: lower BMI associ-
ates with markedly negative contributions, while upper-quartile BMI values cor-
respond to mild positive toxicity signals, reflecting expected metabolic risk ampli-
fication. 
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(a) 

 

(b) 

Figure 6. (a) Top 20 most important predictive features identified by the LightGBM classifier. (b) SHAP 
summary plot showing global feature importance for nephrotoxicity prediction. 
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Figure 7. (a) SHAP dependence plot for age. (b) SHAP dependence plot for creatinine increase; (c) SHAP dependence plot for BMI; 
(d) SHAP dependence plot for lithium level. 
 

Figure 7(d) (Lithium Level): Higher lithium levels yield increasingly positive 
SHAP contributions, but the effect is weaker than creatinine-based features, con-
sistent with lithium acting as a chronic rather than acute renal stressor. 

3.5. Local Explanations through SHAP Waterfall Plots 

To illustrate decision-level interpretability, we computed SHAP waterfall plots for 
two representative individuals. 

Figure 8(a) (Sample 0): Toxicity prediction is driven almost entirely by an ab-
rupt creatinine increase (contributing - 4 units on the SHAP scale), while age and 
eGFR exert modest effects. Remaining features contribute negligible adjustments, 
indicating a sparse, high-signal decision boundary. 

Figure 8(b) (Sample 1): Similarly, creatinine rise dominates the decision; 
however, age contributes a larger negative shift compared to Sample 0, and so-
dium levels introduce minor positive adjustments. The consistency of the largest  
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Figure 8. (a) SHAP waterfall plot for sample 0; (b) SHAP waterfall plot for sample 1. 
 

terms suggests the model relies heavily on acute renal biomarkers when available. 

3.6. Threshold Optimization and Operating-Point Analysis 

A clinically deployable risk-prediction system must perform reliably not only at a 
single probability cutoff but across a range of operating thresholds. To simulate 
real-world triage scenarios where clinicians may prioritize either maximal sensi-
tivity (early detection) or maximal specificity (avoiding false alarms) we con-
ducted a detailed threshold-sweep analysis using the held-out test set. 

Figure 9(a) illustrates the sensitivity -specificity profiles across thresholds from 
0.00 to 1.00. An optimal operating point emerges at approximately 0.05, where 
both sensitivity and specificity simultaneously reach 1.00. This behavior indicates 
that the model preserves complete separation between toxic and non-toxic indi-
viduals over a broad low-threshold regime, an advantageous property for early-
warning clinical systems where missing a toxic case carries substantial risk. Figure 
9(b) examines positive and negative predictive values (PPV and NPV) across the 
same threshold range. Despite the underlying class imbalance (15% toxicity prev-
alence), both PPV and NPV remain near-perfect (≥0.99) across most mid-range 
thresholds. This stability reflects two structural properties of the synthetic data 
and resulting model: (i) tight clustering of toxic cases in high-risk probability 
space, and (ii) low overlap between renal trajectories of toxic and non-toxic 
groups. Figure 9(c) presents accuracy and Youden’s J statistic. Both metrics plat-
eau at their maximum values across an unusually wide threshold interval, con-
firming that the decision boundary is highly robust to shifts in the operating point. 
Such plateau behaviour suggests that downstream clinical workflows can flexibly 
tune thresholds depending on local resource constraints without materially affect-
ing diagnostic performance. Figure 9(d) provides a ROC-like threshold trade-off 
visualization. The optimal point lies tightly within the upper-left extreme, demon-
strating almost perfect discriminability. The near-vertical ascent from the origin 
underscores the model’s capacity to correctly classify virtually all toxic individuals  
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Figure 9. Threshold optimization and operating-point analysis across four panels. Top-left (a): Sensitivity and specificity across 
decision thresholds. Top-right (b): Positive and negative predictive values (PPV, NPV) as a function of threshold. Bottom-left (c): 
Accuracy and Youden’s J statistic, showing plateau stability over a wide threshold range. Bottom-right (d): ROC-like trade-off curve 
illustrating the optimal operating point in the upper-left region. 
 

before encountering false-positive errors. 
Together, these analyses highlight the model’s flexibility for deployment in di-

verse clinical contexts ranging from conservative screening strategies emphasizing 
sensitivity, to high-specificity workflows used for confirmatory decision-making. 

3.7. Model Calibration 

A reliable clinical prediction model must not only discriminate between toxic and 
non-toxic individuals but also assign well-calibrated probabilities that accurately 
reflect underlying risk. Calibration is especially important in medical decision-
making, where probability estimates may guide dose adjustments, follow-up in-
tervals, or early intervention strategies. Figure 10 presents the calibration curve 
comparing predicted nephrotoxicity probabilities against the empirical outcome 
frequencies in the held-out test set. The curve lies almost exactly on the identity 
line, with only minimal deviations across the full probability spectrum. This near-
perfect alignment indicates that the model’s probability outputs faithfully corre-
spond to true event likelihoods, despite the deterministic nature of the synthetic  
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Figure 10. Calibration analysis of predicted nephrotoxicity probabilities. 

 
data environment. The accompanying probability-density distribution highlights 
the expected bimodal structure: non-toxic cases cluster tightly near zero, while 
toxic cases concentrate near one. This separation reflects the model’s strong dis-
criminative capacity and supports the stability of calibrated predictions across risk 
levels. 

Taken together, these results demonstrate that the model not only distinguishes 
toxicity states with high accuracy but also produces interpretable, confidence-con-
sistent probability estimates suitable for downstream clinical applications. 

To evaluate robustness beyond in-distribution synthetic splits, models trained 
under baseline generator hyperparameters were tested on a cohort generated with 
altered lithium-exposure distributions, higher comorbidity prevalence, and in-
creased stochastic noise. While discrimination remained strong (AUC range 0.88 
- 0.94), a modest decline relative to in-distribution performance was observed, 
confirming that model performance is sensitive to underlying population shifts 
but remains clinically meaningful. 

4. Discussion 
4.1. Overall Findings and Methodological Contribution 

This work demonstrates that a mathematically explicit synthetic generator, when 
coupled with a multimodal machine-learning ensemble, can reliably detect early 
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signatures of lithium-associated nephrotoxicity. By construction, the synthetic co-
hort reproduces key renal phenomena observed in clinical practice: patients la-
belled as nephrotoxic show a coherent triad of elevated creatinine, reduced eGFR, 
and modest perturbations in hydration markers, while non-toxic individuals clus-
ter around physiologically normal ranges. Across this structured landscape, all 
evaluated classifiers logistic regression, tree-based methods (Random Forest, Gra-
dient Boosting, XGBoost, LightGBM), and a compact MLP converge to near-per-
fect discrimination (AUC ≈ 1.00, F1 ≈ 0.98 - 1.00) on the held-out test set. 

Beyond raw performance, the framework contributes a reproducible pipeline 
that links a transparent generative model, clinically motivated feature engineer-
ing, and a unified evaluation suite (ROC, precision -recall, calibration, threshold 
analysis, and subgroup performance). In doing so, it provides a controlled “sand-
box” where lithium-related renal risk can be studied without the ethical, logistical, 
and privacy constraints that typically limit access to large, well-annotated real-
world cohorts. 

4.2. Physiological Plausibility and Interpretability of Risk Signals 

A central question in synthetic-data-driven modeling is whether the patterns ex-
ploited by machine-learning models remain physiologically meaningful, rather 
than artefactual properties of the generator. Several lines of evidence from our 
analyses support the biological plausibility of the learned decision boundary. First, 
the feature-importance ranking from LightGBM and related models consistently 
prioritizes Age, Creatinine Increase (ratio of current to baseline creatinine), cur-
rent eGFR, baseline creatinine, and BMI. This hierarchy closely mirrors nephrol-
ogy practice, where acute or subacute creatinine elevations and eGFR decline are 
direct markers of nephron stress, and advanced age and metabolic burden amplify 
vulnerability to chronic kidney disease. 

Second, SHAP summary and dependence plots reveal coherent, clinically intu-
itive nonlinearities. Creatinine Increase displays a near-step function: even mod-
est rises above baseline produce large positive SHAP contributions toward pre-
dicted toxicity, reflecting the model’s sensitivity to early decompensation. Age ex-
hibits an accelerated risk pattern at higher values, consistent with the compound-
ing effect of aging on renal reserve. Lithium Level and the Lithium Exposure Index 
contribute more modest but monotonic risk increments, aligning with the notion 
that lithium acts as a chronic stressor whose impact is mediated through cumula-
tive burden rather than isolated measurements. Hydration- and comorbidity-re-
lated features (BUN/Creatinine Ratio, hypertension, diabetes, CKD history) pro-
vide secondary modulation, nudging predictions upward in individuals with com-
promised baseline physiology. 

Third, local SHAP waterfall plots for individual patients show sparse, high-sig-
nal explanations dominated by a small subset of renal biomarkers. In high-risk 
cases, abrupt creatinine elevation, reduced eGFR, and older age account for the 
majority of the log-odds shift toward toxicity, while ancillary variables exert only 
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minor adjustments. This structure is desirable: it suggests the model leverages a 
compact set of clinically interpretable drivers rather than learning diffuse, opaque 
combinations of weak correlations. 

4.3. Robustness to Class Imbalance, Threshold Choice, and 
Subgroup Variation 

From a deployment perspective, robustness is as important as raw discrimination. 
The synthetic prevalence of nephrotoxicity was set at 15%, creating a moderately 
imbalanced environment that approximates a high-risk chronic-lithium cohort. 
Under this skew, precision-recall curves remain far above the baseline prevalence, 
with average precision scores essentially equal to 1.00, indicating that the minority 
nephrotoxicity class is consistently recovered with minimal contamination from 
false positives. 

Threshold analysis further illustrates the stability of the decision surface. Sensi-
tivity -specificity, PPV-NPV, and accuracy-Youden’s J curves collectively show a 
broad plateau of near-optimal performance across a wide range of probability cut-
offs. The empirically optimal operating point (around a 0.05 threshold) delivers 
simultaneously high sensitivity and specificity, but even moderate departures 
from this value incur only negligible degradation. In a clinical translation sce-
nario, this tolerance is advantageous: institutions can tune thresholds to local risk 
tolerance (e.g., prioritizing sensitivity in high-risk patients) without collapsing 
model performance. Subgroup analyses stratified by age bands, gender, and se-
rum-lithium categories confirm that the ensemble does not rely on narrow demo-
graphic artefacts. AUC, F1, and accuracy remain uniformly high across younger 
and older groups, males and females, and subtherapeutic, therapeutic, and supra-
therapeutic lithium strata. While this homogeneity is partly a consequence of the 
generator’s design i.e., the absence of strong structural bias it still provides an im-
portant sanity check: the classifier’s decisions are driven primarily by renal-func-
tion and exposure variables, not spurious demographic correlations. Calibration 
analysis shows that predicted probabilities align closely with observed event fre-
quencies, with the calibration curve hugging the identity line. Even though the 
data-generating process is deterministic and fully specified, miscalibration could 
still emerge if the model over- or under-estimated toxicity probabilities in certain 
regions of feature space. The near-perfect calibration suggests that the ensemble 
not only separates classes but also produces probability scores that meaningfully 
reflect relative risk within this synthetic environment, a prerequisite for down-
stream applications such as risk stratification and decision-curve analysis. 

4.4. Strengths, Limitations, and Future Extensions 

The principal strength of this work lies in the combination of: (i) a mathematically 
explicit, physiologically informed generator of renal biomarkers under lithium ex-
posure; (ii) a multimodal feature set that integrates laboratory values, comorbidi-
ties, demographics, and drug interactions; and (iii) a comprehensive, model-ag-
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nostic analysis pipeline that emphasizes interpretability and robustness. Together, 
these components create a reproducible, extensible platform for exploring lith-
ium-induced nephrotoxicity and for prototyping early-warning models before 
transitioning to real-world data. 

However, several limitations must be acknowledged. First, despite its physio-
logical grounding, the synthetic generator cannot fully capture the heterogeneity, 
noise, and unexpected patterns present in real clinical practice. True renal trajec-
tories are influenced by genetic predisposition, variable adherence, dietary factors, 
intercurrent illnesses, and complex multi-drug regimens that are only coarsely 
approximated in our current framework. Second, temporal structure is simplified: 
the model infers toxicity from cross-sectional or quasi-longitudinal snapshots ra-
ther than from rich time series spanning years of follow-up. This restricts the 
study of dynamic phenomena such as transient acute kidney injury, recovery 
phases, and gradual chronic decline. Third, all performance metrics are neces-
sarily optimistic relative to those expected on observational EHR data, where 
measurement error, coding artefacts, and unmeasured confounders are ubiqui-
tous. Future work should therefore focus on three directions. Methodologically, 
the generator can be extended to simulate fully stochastic renal trajectories, incor-
porating random shocks, variable dosing schedules, and nonlinear pharmacoki-
netic -pharmacodynamic couplings between lithium levels and nephron injury. 
Biologically, genetic and molecular markers (e.g., polygenic risk scores, tubular 
injury biomarkers) could be integrated as additional modalities, allowing the ex-
ploration of gene -drug -environment interactions. Clinically, the next step is to 
validate the proposed models on retrospective or prospective real-world lithium 
cohorts, calibrate thresholds to local prevalence and workflows, and embed the 
system into prototype decision-support tools that provide transparent risk expla-
nations to clinicians. 

All simulated biomarkers were expressed in standard clinical units (mg/dL for 
creatinine, mL/min/1.73m2 for eGFR, mEq/L for lithium and sodium), enabling 
direct conceptual mapping to routine nephrology workflows. Future work will fo-
cus on calibrating generator parameters using real-world lithium-treated cohorts 
by matching empirical biomarker distributions and longitudinal decline slopes. 
Such calibration would allow the synthetic simulator to approximate specific in-
stitutional populations prior to prospective validation. 

In summary, this study illustrates how structured synthetic data and interpret-
able multimodal machine learning can jointly provide a high-fidelity testbed for 
understanding lithium’s renal impact and for designing early-detection strategies. 
While real-world validation remains essential before deployment, the framework 
offers a principled bridge between theoretical renal-risk modelling and future 
clinical implementation. 

5. Conclusion 

In this study, we introduced a fully interpretable multimodal machine-learning 
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framework capable of predicting lithium-associated renal dysfunction using phys-
iologically grounded synthetic biomarker trajectories [77] [78]. Across a diverse 
suite of classical and ensemble models, performance remained consistently near-
perfect, reflecting the strong discriminatory signals encoded in early renal-func-
tion changes. Importantly, the models identified predictors that align with estab-
lished nephrology principles such as creatinine elevation, eGFR decline, age-re-
lated vulnerability, and cumulative lithium burden demonstrating that the learned 
decision boundaries remain clinically meaningful rather than artefactual [79]-
[81]. Subgroup analyses further confirmed that predictive accuracy and probabil-
ity calibration were stable across demographic categories and serum-lithium 
strata, suggesting that the framework does not depend on spurious correlations or 
demographic biases. Together, these findings position the synthetic generator and 
accompanying ML pipeline as a rigorous, extensible testbed for developing early-
warning systems aimed at preserving kidney function during long-term lithium 
therapy. While translation to real-world clinical settings will require validation on 
observational cohorts and incorporation of richer longitudinal dynamics, the pre-
sent work provides a strong methodological foundation for future decision-sup-
port tools that prioritize early detection, interpretability, and patient safety. 
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