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Background: Tacrolimus (TAC) dosing presents a persistent challenge in postoperative care owing to its narrow therapeutic window
and high inter-patient variability, which often leads to suboptimal exposure with increasing risks of nephrotoxicity or graft rejection.
Algorithm-based personalized dosing strategies offer a promising approach to support clinical decision and improve long-term
outcomes.

Methods: Unlike approaches relying on a wide range of variables and local clinical scopes, this study proposed a novel and versatile
algorithm-driven strategy to predict TAC doses. A hybrid optimization method was first employed to identify a minimal set of key
clinical factors. These factors were then used to construct a cascaded deep forest model capable of predicting both follow-up and initial
TAC doses in adult kidney transplant recipients.

Results: When validated on 615 patients using leave-one-subject-out cross-validation, it achieved predictions within +20% of actual
values, with an accuracy of 89.8% for follow-up doses and 83.2% for initial doses. Independent external validation confirmed its
robustness. A Shapley additive explanation analysis revealed significant correlations between input features and predictive doses. To
support real-time clinical use, an open-access web platform was provided (http://www.jcu-giulab.com/tacp/).

Conclusion: This approach offers a practical, effective, and algorithm-driven pipeline for automated drug dose analysis and
prediction in clinical practice.
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Introduction

TAC is the cornerstone of immunosuppressive therapy after kidney transplantation, yet its dosing is challenging due to its
narrow therapeutic window and high pharmacokinetic variability.! Inaccurate dosing carries severe clinical conse-
quences: subtherapeutic levels increase the risk of acute rejection and graft loss, whereas supratherapeutic levels can
lead to toxicity, including nephrotoxicity, neurotoxicity, hypertension, and opportunistic infections.>> Long-term under-
or overexposure to TAC puts transplant recipients at great risk of death. Consequently, therapeutic drug monitoring
(TDM) is routinely employed to guide dosing during stable graft function.* However, TDM is inherently reactive and has
no predictive power. Clinicians must therefore adjust doses iteratively based on monitoring results — a repetitive but
essential task to maintain target therapeutic levels such as 5-10 ng/mL.>® Adding to the complexity, TAC pharmaco-
kinetics vary considerably between and within patients,”* influenced by demographics, genetics, laboratory data and drug
combinations, etc. Early approaches to dose prediction relied on pharmacokinetic (PK) models, particularly population
PK (popPK) models.”'® For instance, Zhu et al developed a genotype-informed popPK model based on CYP3AS3,
CYP3A4, and POR polymorphisms.'" While such models have been extensively reviewed,'* their application requires
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specialized pharmacodynamic knowledges. Importantly, a key challenge is how to investigate and leverage vast
electronic medical data to address the variability and achieve precise TAC dosing. To enhance precision and reduce
repetitive workload, there is growing interest in developing automated personalized dosing strategies.'>"'*

With its strength in pattern recognition and machine learning from diversified data, Al is a powerful tool capable of
presenting a transformative approach to these challenges. Al-based models have emerged as a promising alternative to
traditional popPK models, as they can use any amount and type of factors without predefined assumptions to enhance its
predictive capacity.'>'® Recently, traditional machine learning techniques such as linear regression (LR), random forest
(RF), support vector regression (SVR), and multi-model comparison, have been widely applied to predict TAC doses.'””
20 However, the outcomes of related studies often vary greatly owing to random dataset division.'®*! Moreover, in
clinical practice, it is essential to prioritize a limited set of key variables for dosing prediction. Instead of indiscriminately
including numerous variables merely to improve model performance, a focused approach should ensure few clinical
factors that are available and applicable. This not only improves model stability and generalization across different
settings but also builds clinical credibility through interpretable variables to enable dosing decisions. Thus, strategies to
confirm and synthesize numerous factors require further investigation to avoid model designs burdened by excessive
variables or poor clinical applicability. Furthermore, dosing models should account for variations in target therapeutic
ranges across different clinical centers and treatment phases. For example, a typical trough concentration (C) target after
transplantation is suited at 5-10 ng/mL during the first month and 6-8 ng/mL thereafter.>* However, others may adopt
a higher (8-12) or lower (4-7) target.>** Very few studies have addressed this limitation. Additionally, numerous studies
lack tools that are usable in clinical practice, which limits model implementation, broader validation, and iterative
updates.

This study aimed to develop a clinical-oriented prediction pipeline for forecasting both follow-up and initial doses of
TAC in adult kidney recipients (Figure 1). We also investigated whether key factors derived from various variables could
effectively predict dosing requirements. The key contribution of this study is the development of a clinically applicable
pipeline that achieves significant predictive accuracy with minimal variables. A limited number of factors were initially
identified through a genetic algorithm (GA) combined with a random restart hill climbing (RRHC) algorithm, which
integrated global optimization and local refinement. On this basis, the cascaded deep forest (CDF) model was developed to
achieve superior predictive performance. Unlike traditional deep models, this tree-based ensemble approach is robust, and

does not require large samples or high-dimensional features. Motivated by the literatures,**

it integrated three estimators:
categorical boosting regression (CBR), gradient boosting regression (GBR) and natural gradient boosting regression
(NGBR). In particular, the leave-one-subject-out (LOSO) validation was used to evaluate the proposed method. Finally,

a web platform that provided real-time dosage predictions was available at http://www.jcu-qiulab.com/tacp/.

Materials and Methods

Study Recipients

The record of 1013 Chinese kidney transplant patients at Sun Yat-sen University First Affiliated Hospital from Jan 2015
to Apr 2019 was retrospectively collected. Eligible patients received TAC as part of an immunosuppressive regimen after
transplantation and underwent TAC twice a day, that is every 12 h. A flow diagram of the data-collection process is
presented in Figure 2. A sample of 143 patients with missing or incorrect data was excluded (eg, CYP3AS5), along with
135 patients who did not adhere to TAC medication instructions (dosage, frequency, and record). These patients
accounted for 69.8% of excluded patients. A further 62 patients were excluded for not receiving TAC, preoperative
use, or combined cyclosporine (CsA). A small number of samples with abnormal data were not considered. The current
analysis also excluded TAC use in pediatric patients, given the limited sample size and its significant differences from the
adult population. Finally, 615 qualified patients with 2927 cases of TAC daily doses were included. This retrospective
study utilized anonymized data with strict measures, and the requirement for informed consent was waived by the Ethics
Committee of the First Affiliated Hospital of Sun Yat-sen University (Approval No. 2022—166). The study was conducted
in accordance with the principles of the Declaration of Helsinki. In addition, all organs were donated voluntarily with
written informed consent in accordance with the Declaration of Istanbul.
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Figure | A flow framework of algorithm-based personalized TAC dosing.

Data Preparation

Continuous and categorical factors were collected from the electronic and recontact records, gathering 26 and 33
variables per patient for follow-up and initial dose prediction, respectively. Collected variables included demographics
(age, sex, and weight), metabolic genotypes, drug combination, surgical details (operation time/type, transfusion, and
induction therapy), adverse events, and laboratory data, as shown in Table 1. Laboratory data corresponding to multiple
time points included the last preoperative data, the first postoperative data, and the nearest neighbor data. All recorded
data must have a unified format by removing spaces, abnormal characters, and repeated/outlier values. One-hot encoding
was used for categorical variables, with a special value of —1 assigned to missing data. The initial model included all
variables except complications/adverse events, particularly the last preoperative and first postoperative laboratory data.
Conversely, the follow-up dose model incorporated all factors along with the nearest neighbor lab data. In addition, it
also adopts prior knowledge of dosing, such as the previous dose, its corresponding Cy, and the postoperative days (POD)
of Cy. In particular, both models included the target C, and its corresponding POD. Finally, the features were normalized
using RobustScaler based on the interquartile range (IQR; 25th to 75th percentiles) to ensure algorithm convergence and
model robustness.”’

Model Development

To identify clinically applicable variables, we designed a hybrid approach that combined GA with RRHC (Figure 3). GA
simulates natural evolution to search for an optimal solution in large spaces, enabling robust global optimization across
various fields.”®* For each individual, a fitness function was used to evaluate the selection performance. Three boosting
regressors, CBR, GBR, and NGBR, sequentially served as the fitness function to identify the top candidates, with the
optimal individual selected by majority voting. Table 2 lists the parameters of these three regressors. RRHC was then
used for a local fine search. Its restart operation enhances the global optimum by generating diverse starting points; this is
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Figure 2 The data collection flowing.

a simple yet effective search strategy.>® The final best choice was also confirmed by voting. R-square (R?) was introduced
to measure the performance as follows:

R2=1- M
> i)

where J; is the predicted dose, y; the actual dose, y the mean value of the actual dose, and n the sample number.

(M

The CDF predictive model has its own unique structure and characteristics®' (Figure 4). Unlike traditional models,
this tree-based ensemble method eliminates extensive sample/feature requirements owing to its deep cascading archi-
tecture, which makes it ideal for limited clinical data. By outperforming most algorithms in terms of speed and efficiency,
CDF can achieve excellent prediction at a manageable cost. As illustrated, it adopts a multilayer structure with each layer
comprising multiple estimators. These estimators learn feature information from the input features and pass the processed
information to the next layer. Each layer incorporates various estimators to enhance the model robustness. First, a Binner
is used to reduce the number of split candidates when constructing decision trees. Subsequently, different variant
estimators were trained using the binned data in the first cascaded layer. The generated augmented features are
concatenated with the original features of the binned data to serve as new training features for the next layer. Before
the final cascaded layer, the predicted values from multiple learners are aggregated to determine the final prediction

result.
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Table | Collected Clinical Factors for the Inputs

Patient characteristics Diarrhea
Age Emesis
Sex Genetic types
Weight CYP3AS*|/*]
Preoperative induction therapy CYP3A5*/*3
Thymoglobulin CYP3A5*3/*3
Simulect Unwonted
Intraoperative factors Unknown
Surgical time TAC-related factors
Surgical type Dosage
Living Co
Allogeneic Source type
Multi-organ Prograf
Transfusion Fumixin
Postoperative factors Saifukai
GCs Laboratory data
PPI RBC
CCB ALB
MMF HB
Wuzhi capsule HCT
Complications/adverse effects Crea
Fungus TBil
Diabetes ALT
Constipation AST

Abbreviations: GCs, glucocorticoids; PPI, proton pump inhibitor; CCB,
calcium channel blocker; MMF, mycophenolate mofetil; Wuzhi, a traditional
Chinese medicine; Co, blood trough concentration; RBC, red blood cells;
ALB, albumin; HB, hemoglobin; HCT, hematocrit; Crea, creatinine; TBil,
total  bilirubin; ALT, alanine aminotransferase; AST, aspartate
aminotransferase.

In addition, the core parameters (n_estimators/learning_rate) for CBR, GBR, and NGBR were optimized via a grid
search (Table 2), whereas the others retained library default values. All experiments were carried out in Python 3.7.1,
employing scikit-learn for data-driven modeling.*> The other metrics used to measure model performance were as

follows:

2

i=1
MEAE = median(|y; — 7;|)

where []() is the indicator function, which takes the value 1 if the condition inside the parentheses is true and 0
otherwise, due to the minimum TAC is 0.5 mg in our transplant department. Similarly, the percentage of predicted doses
within £20% of the actual dose was calculated. Moreover, a Shapley additive explanation (SHAP) was used to show each
feature contributing to pushing the model output, providing a reasonable explanation for clinical variables.*® It is
a popular method for interpreting the prediction of machine learning algorithms and is available at https://pypi.org/

project/shap/ (shap 0.42.1).
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Figure 3 The GA-RRHC algorithm for few key clinical variables. It employs binary encoding to represent feature selection status. The GA toolbox is achieved using the
DEAP python library (DEAP |.4.1 available at https://pypi.org/project/deap/), with the core steps including population, fitness, selection, crossover and mutation. For RRHC,
it is a simple, greedy, and easy-to-implement heuristic optimizer.

Validation Technique

LOO (Leave-one-out) is a special form of K-fold cross-validation, where K =N, and N is the total number in the dataset.
In each iteration, one sample was used as the testing set and the remaining N-1 samples were used as the training set.
This process was repeated N times and the final performance was averaged. Although this approach provides a robust
evaluation of the model performance, it fails to measure the generalization capability of the model for new individuals.
LOSO is a variant of LOO.** In each iteration, all samples from one subject were used as the testing set, whereas the data

Table 2 The Parameters of the Used Algorithms in Both Models

(n_estimators, learning_rate) GA RRHC CDF

Follow-up dose prediction | CBR (- 0.02) (- 0.02) (- 0.02)
GBR | (200, 0.05) | (200, 0.08) | (400, 0.04)
NGBR | (250, 0.03) | (250, 0.05) | (300, 0.04)
Initial dose prediction CBR (- 0.01) (- 0.01) (- 0.01)
GBR | (250, 0.02) | (150, 0.04) | (150, 0.03)
NGBR | (150, 0.04) | (100, 0.07) | (100, 0.04)
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Figure 4 The framework of cascaded deep forest (CDF). In this model, each layer consists of two CBR, two GBR and two NGBR, with different layers sharing the same
structure. The number of cascade layers can be adaptively determined by data complexity and sample size. The corresponding toolbox (deep-forest 0.1.7) is available at
https://pypi.org/project/deep-forest/.

from the remaining subjects constituted the training set. This technique can accurately reflect clinical practice, requiring
that the model be generalized to novel patient cases.

Results

Selection of Factors to Be Suitable for Clinical Usage

As illustrated in Table 3, the GA-RRHC algorithm reduces the feature dimension by filtering out approximately 60% of
the non-essential factors. This enables clinically actionable TAC dosing decisions for both follow-up and initial
prediction, based on a concise set of features. Specifically, variables TC,, TC, POD, preC,y, preC,_POD, and
preDose24h required no additional measures, whereas only the clinical factors Wuzhi, Crea NN, ALT NN, and
AST NN required continuous monitoring in follow-up dose prediction. Wuzhi is a binary indicator of Wuzhi capsules
prior to the current TAC. Meanwhile, initial dose prediction typically requires more variables because of multiple
influencing factors. Beyond the same factors (TC,, TC, POD, Wuzhi, and Crea) included demographics (age, weight,
and sex), concomitant drugs (CCB and MMF), operational details (firstT POH and surgType), genotype CYP3AS, and
lab data(HB). Similarly, although 13 clinical factors inform the initial dose model, only Crea, HB, and CYP3AS5 levels
require laboratory testing. The clinical significance and model contributions of these factors were discussed in detail.

Model Performance of Selected vs Original Variables

Model performance should be preserved with reduced clinical variables, confirming the efficacy of the selected features
in Table 4. Three base estimators assessed predictive performance using both the original and selected key factors. Both
variable sets achieved mean follow-up predictions with Acc > 90% and R* > 0.80. The mean performance was lower for
the initial dosing with smaller samples (Acc: 76.7% vs 79.0%; R: 0.369 vs 0.407). Follow-up dose prediction maintained
the performance despite feature reduction, while initial dose prediction improved significantly, with the main metrics

Table 3 The Clinical Variables Selected by GA-RRHC for Both Models

Models Clinical Variables

Follow-up dose TCo, TCo POD, Wuzhi, Crea_NN, ALT_NN, AST_NN, preDose24h, preC,, preCo,_POD

prediction

Initial dose prediction TCo, TCo_POD, Age, Weight, firstT_POH, Wuzhi, CCB, MMF, Crea_postFirst, HB_postFirst, Sex, surgType, CYP3A5

Abbreviations: TC,, target Co; TCo_POD, postoperative days of TCy; Wuzhi, a traditional Chinese medicine; Crea_NN, the nearest neighbor creatinine; ALT_NN, the
nearest neighbor alanine aminotransferase; AST_NN, the nearest neighbor aspartate aminotransferase; preDose24h, the previous dose; preC,, its corresponding Co; preCy
_POD, postoperative days of Co; CYP3AS, genotype; firstT_POH, postoperative hours of first taking TAC; CCB, calcium channel blocker; MMF, mycophenolate mofetil;
Crea_postFirst, the postoperative creatinine; HB_postFirst, the postoperative hemoglobin; surgType, surgical type.
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Table 4 Performance Comparison of Original vs Selected Variables

Models Regressors | Acc R? MSE | RMSE | MAE | MEAE
Follow-up dose prediction CBR* 0916 | 0.837 | 0.510 [ 0.714 | 0490 | 0.312
GBR?* 0.909 | 0.832 | 0.526 | 0.725 | 0.493 | 0.309

NGBR? 0910 | 0.832 | 0.526 | 0.725 | 0.494 | 0.309
Mean? 0.912 | 0.834 | 0.521 | 0.721 | 0.492 | 0.310
CBR® 0917 | 0.84]1 | 0.486 | 0.697 | 0.478 | 0.302
GBR® 0913 | 0839 | 0502 [ 0.709 | 0.485 | 0.310
NGBR® 0914 | 0.840 | 0.502 | 0.708 | 0.484 | 0.308
Mean® 0.915 | 0.840 | 0.497 | 0.705 | 0.482 | 0.307

Initial dose prediction CBR* 0.769 | 0.386 | 1.092 1.045 | 0.765 0.521
GBR?® 0.766 | 0.361 1.136 1.066 | 0.768 | 0.523

NGBR? 0.766 | 0.359 | 1.141 1.068 | 0.770 | 0.518

Mean? 0.767 | 0.369 | 1.123 | 1.060 | 0.768 | 0.521

CBR® 0.805 | 0.414 | 1.043 1.021 0.744 | 0.503

GBR® 0.782 | 0.403 | 1.063 1.031 0.741 0.503

NGBR® 0.782 | 0.404 | 1.061 1.030 | 0.742 0.501

Mean® 0.790 | 0.407 | 1.056 | 1.027 | 0.742 | 0.502

Notes: *Using original variables; ®Using selected variables. The bolded part highlights the average performance.

(Acc, R?) increasing by 2.3% and 0.038, respectively. This further indicates that redundant features can impair the initial
dose prediction. It is intrinsically more challenging than follow-up prediction because of numerous underlying factors,
making rigorous feature selection essential.

In addition, for other metrics such as MSE, RMSE, MAE and MEAE, the predictive follow-up TAC dosing errors
remained within 0.5 mg daily, while initial dose deviations reached <1.0 mg daily [0.5 mg per TAC in our center]. This
further demonstrated the efficacy of the proposed GA-RRHC algorithm in the selection of pivotal clinical features. For
a single estimator, CBR exhibited optimal predictive performance in both models, indicating its inherent superiority in
feature processing and prediction capabilities. However, ensemble learning, which integrates these estimators, can yield
more robust and stable dosing predictions.

Selected Variable Results Using CDF and LOSO

Ensemble learning is a powerful machine-learning paradigm that can effectively address the limitations of individual
estimators. Owing to the cascaded deep structure, CDF was used to predict the final dosages based on selected factors.
Using LOSO, Figure 5a reveals a strong positive correlation between the predicted and actual values in follow-up dose
prediction. As shown in Figure 5b, the accuracies reached 0.918 and 0.915 for both validation methods, with R? values of
0.850 and 0.849, respectively. This indicates minimal performance degradation when using rigorous cross-validation,
demonstrating both the validity of the GA-RRHC-based variable selection and the generalization capability of the CDF.
In addition, Figure 5c illustrates the proportion of predicted doses over time, which falls within an error of +20%
compared to the actual doses with both validation methods. Follow-up dose prediction during different periods yielded an
accuracy of >85%, implying that our proposed method can be applied for dose prediction in different TAC dosing
periods.

We also applied CDF to predict the initial doses using LOSO based on a few selected factors. As shown in Table 5,
the model achieved an Acc of 0.812 and R? of 0.423, with other metrics of 0.998, 0.999, 0.729, and 0.496. Although the
initial dose prediction showed inferior performance to the follow-up dose prediction, it still achieved significant
enhancements compared to the manual decision of TAC dosing. The model accuracy and stability are expected to
improve with additional samples, particularly for the initial doses. The results of the LOSO validation confirmed the
robustness of both the models based on a few selected clinical variables.
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Comparison of key metrics using CDF based on selected variables by LOO/LOSO; (c) Accuracies over periods within £20% of actual doses, divided into 3 periods: up to day
3, from day 4 to 7, and beyond day 8.

Discussion

TAC-based immunosuppressive drugs significantly reduce acute, corticosteroid-resistant, and chronic rejection post-
transplant while improving graft function and lowering viral infection rates.'> However, a narrow therapeutic window is
required to prevent nephrotoxicity against the risk of rejection. This complex process faces uncertainties due to individual

Table 5 Initial Dose Prediction Performance Using Selected
Factors by LOSO

Acc

RZ

MSE

RMSE

MAE

MEAE

LOSO(LOO)

0.812

0.423

0.998

0.999

0.729

0.496
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variability, clinical expertise, and treatment duration. Precision dosing strategies are essential for long-term TAC therapy,
rather than relying solely on clinicians’ repetitive subjective decisions. Indeed, 50-70% of dosing was reportedly outside
the target range, especially in the early posttransplant period.>**” Instead, the algorithm-based approach has great
potential for solving the issue of personalized drug administration. This study proposes an algorithmic pipeline to
optimize variable selection for the clinical-oriented dosing prediction of TAC using a flexible and universal framework.
The LOSO-validated results confirmed good performance of the proposed model: follow-up dose prediction achieved an
accuracy and R* of 0.915 and 0.849, respectively, compared with 0.812 and 0.423 for the initial dose prediction. The
accuracies within £20% of the actual values were 89.8% and 83.2%, respectively. These results were superior to those of
a recent study using a deep learning algorithm to predict TAC doses in kidney transplant recipients.'” As shown in
Figure 6, our model outperformed others across all evaluation metrics, except for a comparable MAE in the Chinese
population. The proposed method provides an effective recommendation while utilizing fewer factors and LOSO
validation, particularly demonstrating high accuracy in follow-up dose prediction.

We further compared two previous models for initial dose prediction in the Chinese population.*®?*° All samples with
CYP3AS5 genotype data were included in the verification queue. The initial dose algorithms were appropriately modified
by multiplying a correction factor to achieve a reasonable range for target Co of 5-10 ng/mL.'**® As shown in Table 6,
our initial model achieved the accuracies of 0.832, 0.890, and 0.927 within £20%, £30%, and +40% of actual doses,
respectively, surpassing all other initial dose algorithms. Moreover, the algorithm incorporated the Wuzhi factor, aligning
with the report that Wuzhi capsules elevate TAC concentration in the Chinese population.*' Although the initial model
outperformed other methods, its performance (Acc/R* = 0.812/0.423) remains significantly lower than that of the follow-
up dose model, suggesting a considerable predictive uncertainty during the initial dosing phase. It indicates that the

1.0 4 TabNet + 25 factors + 5-fold -
Our proposed method + 11 factors + LOSO 0.951 )
0.935
61558 0.913
0.9 1 osas 0562
0.824
0.8 A
0.745
1%}
)
= 0.7 4 587
©
>
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0.558
05 T 0.472 0.46é)'475
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Figure 6 Comparative performance in follow-up dose prediction.
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Table 6 The Comparison for Initial Dose Prediction with Previous Studies

Algorithm

Acc of Predicted Doses
Within £20% of

Actual Doses

Acc of Predicted
Doses Within £30% of

Actual Doses

Acc of Predicted
Doses Within £40% of

Actual Doses

Dose®® = 23.3x[HCT/0.309] >**x[0.897, if TC,_POD>10] or [I, if TCo_POD<I0]x[I, if CYP3A5*1/*] or
CYP3A5*1/%3] or [0.657, if CYP3A5*3/¥3]x0.35

Dose®® = 23.4x[HCT/0.3] ®72°x[0.837, if use of Wuzhi] or [, if no Wuzhi]xe 00875X[TC _PODII26lxr) g if
CYP3AS*I/%1 or CYP3A5¥1/%3] or [I, if CYP3A5*3/¥3]x0.25

Our proposed method

0.619

0.683

0.832

0.738

0.833

0.890

0.802

0.857

0.927

Abbreviations: HCT, hematocrit; TCo_POD, postoperative days of target trough concentration; Wuzhi, a traditional Chinese medicine; CYP3AS, genotype.

model has a limited capability to capture individual variations at the initial stage, which may lead to potential bias in real-
world applicability and require more cautious cooperation by clinicians. The model could be further refined by updates
based on larger sample pools and expanded clinical data from both donors and recipients.** In addition, future iterations
could explore incorporating deeper mechanistic or dynamic factors. For instance, incorporating factors such as the gut
microbiome profile or major drug-drug interactions may help explain residual PK variability in initial dosing.

The CDF achieved optimal prediction performance using the feature factors selected by the GA-RRHC. The GA’s
global search capability thoroughly explores the feature space to avoid local optima, whereas RRHC refines key feature
selection through iterative local optimization. Their synergy optimizes feature selection efficiency, enabling the rapid
identification of highly predictive clinical variables for improved model accuracy. In addition, CDF is an effective and
powerful tool for data-driven prediction. Its cascade architecture and ensemble learning enable a potent data representa-
tion with minimal hyperparameters and features. The base evaluator comprises trees, as shown in Figure 4. Tree-based
approaches offer enhanced interpretability and facilitate reliable clinical decision-making.*> Under unique settings in the
clinical application of kidney transplants, the GA-RRHC-CDF algorithm provides an automated pipeline that delivers
superior performance in selecting few critical factors and predicting dosages. The algorithm was also applied for the first
time to predict the TAC dosage.

SHAP was used to further explain the contribution of the input clinical variables. It uses the Shapley values from
game theory to explain model output.** Figure 7A shows that the previous daily dose (preDose24h) and its corresponding
Cy (preCy) significantly influenced the follow-up dose, accounting for nearly 80% of the total dose. This explains why
follow-up dose prediction is easier than initial dose prediction, because it incorporates prior knowledge. Additionally,
Wugzhi capsules significantly reduced TAC dosing in Chinese patients (observed as left-shifted red dots in both models in
Figure 7), which is consistent with numerous previous reports.*> Notably, target C, (TC,) can critically define different
rational ranges of Cy, whereas the postoperative days of both target Cy and C, positively influence the dosing phases.
These are crucial for establishing a holistic personalized dosing framework for TAC across clinical centers and treatment
phases. Analysis revealed that higher target C, correlates with increased dosing tendency; longer postoperative days of
previous C, correspond to reduced dosing; and dosing for postoperative days of target C, follows an inverted U-shaped
pattern, escalating and then decreasing during the mid-interval period. Our findings also verified that an increase in Crea,
AST, and ALT enabled TAC dose reduction in a follow-up model.*****” Follow-up dosing is pivotal to maintain a stable
concentration and ensure therapeutic safety. This provides potential guidance for dosage decisions based on a few clinical
factors. Initial dose prediction faces a more complex challenge owing to multiple underlying factors. Six key variables,
namely target Cy (TC,), weight, Wuzhi capsules, Crea, postoperative hours of first TAC administration (firstT POH), and
postoperative days of target C, (TCy,_POD) collectively accounted for 80% of the contribution as primary factors
identified in our analysis (Figure 7B). Additionally, variables such as sex, CYP3AS5, HB, and CCB each contributed >3%
as secondary factors. Our summary plot also indicated that the increase in target C,, weight, postoperative hours of first
TAC administration, postoperative days of target Cy, CCB, male sex, living transplant, and CYP3AS5*1 enabled the TAC
dose to increase in the initial model. These factors can provide clinical guidance for TAC initial dosing.

Although LOSO-based cross-validation yielded good results, extensive external validation is a crucial step for
promoting the clinical application of algorithm-based TAC dosing.*® Thus, we collected a completely new independent
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surgType B [0.018 (1.1%)
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CYP3A5 B | 0.009 (0.6%)
MMF | 0.009 (0.6%)
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CYP3A5 D |0.001 (0.1%) B

Mean (|SHAP| value)

-2.0 -1.5

—i.O —6.5 OiO O.'S 1?0 1?5 2.0
SHAP value (impact on model output)

Figure 7 SHAP feature importance and summary plot: (A) In follow-up dose prediction; (B) In initial dose prediction. The mean (|SHAP| value) represents the average
influence of features on model outputs. The higher the importance of the mean, the more likely that a factor contributes to the model. While the summary plot helps to
understand the direction of the influence of clinical factors on model output. The positive SHAP value has an upward influence on the prediction of dose, while the negative
has a downward influence. Among, the red dots and blue dots respectively describe the high and low values of the corresponding features. [CYP3A5_A, *1/*|; CYP3A5_B,
*1/%3; CYP3AS5_C, *3/*3; CYP3A5_D, unwonted; CYP3A5_O, unknown; Sex_A, male; Sex_B, female; surgType_A, allogeneic; surgType_B, living; surgType_C, multi-organ.].

external test set comprising 116 transplant patients (May 2023—August 2023). In the independent external validation, the
follow-up dose prediction achieved an Acc of 0.904 and an R? of 0.828, whereas the initial dose prediction results were
0.784 and 0.395, respectively. Furthermore, a Bland-Altman plot was drawn for both models. This statistical method was
used to assess the agreement between the two measures. As shown in Figure 8, the mean biases for two models were
—0.10 mg and —0.11 mg (red dashed lines), respectively, indicating a slight systematic underestimation tendency, albeit to
a minor degree. The 90% limits of agreement (LoA) were [—1.32, 1.13] mg and [—1.65, 1.43] mg (solid purple lines),
indicating that 90% of the prediction differences fell within these ranges. Moreover, the clinically acceptable daily dose
difference range (light green area) covered the majority of data points (approximately 92%~94%), indicating that the
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Figure 8 Bland-Altman plot for external validation of dosage prediction model: (A) In follow-up dose prediction; (B) In initial dose prediction.

overwhelming majority of single-dose errors were controlled within 1 TAC tablet for follow-up dose prediction and

within 1.5 TAC tablets for initial dose prediction (0.5 mg/tablet). The above analysis demonstrated that the training

prediction model performed well in independent external validation.
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Despite encouraging results, particularly in follow-up dose prediction, this clinical-oriented, algorithm-based frame-
work for personalized TAC dosing presents several limitations. Though LOSO was adopted to validate the model, it is
still necessary to conduct multi-center prospective validation and broader external validation, especially for initial dosage
prediction. The model’s applicability to patient subgroups, such as those with comorbid liver dysfunction or other
complications, requires further investigation with larger samples. Furthermore, the lack of clinical assessment and formal
evaluation of therapeutic outcomes such as rejection rates, toxicity reduction, or graft survival prevents the broadly usage
of algorithm in real-world clinical utility. The usage of algorithms still requires the cooperation with professional
clinicians. In conclusion, this study provides an efficient and accessible framework for TAC dose prediction, available
through an online platform at http://www.jcu-qiulab.com/tacp/. This tool can help reduce repetitive workload and support

precision dosing for clinicians. The algorithmic strategies for personalized dosing represent a promising direction and

will continue to receive increasing attention.

Conclusion

To streamline the clinical workload and enable precision dosing, this study proposes an automated pipeline based on the
GA-RRHC-CDF algorithm to predict both follow-up and initial doses of TAC based on a few selected factors in kidney
transplants. The results demonstrate that the proposed methodology exhibits good performance. The follow-up dose
prediction achieved high Acc (0.915) and R? values (0.849). While the initial dose prediction yielded lower metrics (Acc
= 0.812, R* = 0.423), it still outperformed the manual dosing performance. Meanwhile, it yielded a prediction within
+20% of the actual values with accuracies of 89.8% and 83.2%, respectively. Based on these results, a user-friendly
prediction platform has been developed and made publicly available to support clinical usage. It should be noted,
however, that the proposed model operates on a selected set of variables and does not account for the full complexity of
individual patients, such as dynamic complications or detailed drug-drug interactions. Its predictions should therefore be
interpreted with caution and integrated into clinical decision by clinicians. Future prospective validation studies should
include more diverse populations, such as pediatric patients and multi-ethnic cohorts from various geographical regions.
These studies would benefit from being conducted within larger, multi-center or international cohorts. In short, the

proposed method has the potential to be extended to other therapeutic areas that require algorithm-based dose prediction.
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