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Abstract 42 

Background: Management of tacrolimus trough levels influences morbidity and mortality after lung 43 

transplantation. Several studies have explored pharmacokinetic and artificial intelligence models to 44 

monitor tacrolimus levels. However, many models depend on a wide range of variables, some of which, 45 

like genetic polymorphisms, are not commonly tested for in regular clinical practice. This study aimed 46 

to verify the efficacy of a novel approach simply utilizing time series data of tacrolimus dosing, with 47 

the objective of accurately predicting trough levels in the variety of clinical settings.  48 

Methods: Data encompassing 36 clinical variables for each patient were gathered, and a multivariate 49 

long short-term memory algorithm was applied to forecast subsequent tacrolimus trough levels based 50 

on the selected clinical variables. The tool was developed using a dataset of 87,112 data points from 51 

117 patients and its efficacy was confirmed using six additional cases.  52 

Results: Shapley Additive exPlanations revealed a significant correlation between trough levels and 53 

prior dose-concentration data. By using simple trend learning of dose, administration route, and 54 

previous trough levels of tacrolimus, we could predict values within 30% of the actual values for 88.5% 55 

of time points, which facilitated the creation of a tool for simulating tacrolimus trough levels in 56 

response to dosage adjustments. The tool exhibited the potential for rectifying clinical misjudgments 57 

in a simulation cohort.  58 

Conclusions: Utilizing our time series forecasting tool, precise prediction of trough levels is attainable 59 

independently of other clinical variables, through the analysis of historical tacrolimus dose-60 
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concentration trends alone. 61 

  62 
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Introduction 63 

Tacrolimus has been used as a primary agent after lung transplantation (LTx) among several 64 

immunosuppressive agents1-2 and the monitoring of tacrolimus trough level (TTL) correlated with the 65 

area under the concentration-time curve has been the standard methods in clinical practice.3 Tacrolimus 66 

dosing is practically customized for each patient by physicians, considering time series data for 67 

monitored TTLs and other clinical conditions to be controlled within the target range. However, TTLs 68 

often deviate from the target range because of the influence of various misleading clinical factors.4-7  69 

In recent years, advancements in machine learning technology have led to the practical application 70 

of advanced artificial intelligence (AI) techniques across various fields utilizing diverse algorithms. 71 

Several studies have reported on the prediction method of tacrolimus concentrations after solid organ 72 

transplantation; however, nearly all extant prediction models have been constructed utilizing a 73 

multitude of variables, encompassing data not commonly available in clinical practice, such as patient-74 

specific genetic polymorphisms, including cytochrome P450 (CYP) 3A4/5 genotypes.8-16 This 75 

suggests that the practical use of these models may be hindered by the ease with which data gaps can 76 

occur, or by the impact of clinical factors not included in the inputs, leading to inconsistencies in 77 

predictive accuracy and limitations in applicability to patients with diverse clinical backgrounds.  78 

Conversely, the application of time series forecasting methodologies with machine learning technique 79 

remain unreported in the literature. Of these, long short-term memory (LSTM) algorithms have been 80 

used in various medical fields, such as drug concentration prediction and arrhythmia detection.17-18 81 
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Outside of the medical field, LSTM is also used in technical analysis for stock price forecasting, which 82 

predicts future stock prices based on trends and patterns identified only from preceding price 83 

movements.19-21 The advantage of the time series analyses lies in its simplicity: it utilizes learning data 84 

for the predictive factors, which inherently incorporates the outcomes of all clinical factors. Based on 85 

these concepts, we hypothesized that an AI model utilizing LSTM algorithm could predict TTLs 86 

effectively from trends in a small number of clinical data obtained during routine medical care. This 87 

study aimed to validate the efficacy of a clinically applicable simulation tool for dose-to-TTL 88 

prediction using a novel time series forecasting approach, which utilizes minimal clinical factors 89 

commonly obtained during routine care.  90 

 91 

Materials and methods 92 

Participants 93 

This retrospective observational study of tacrolimus concentration was performed at a single center, 94 

Okayama University Hospital. Flow diagram of the subject selection is shown in Figure 1. We assigned 95 

117 cases up to March 2022 as the study cohort to create the AI tool and allocated the subsequent six 96 

cases as the simulation cohort for testing the tool. Within the study cohort, using the train_test_split 97 

function provided by the Scikit-learn library, 80%, 10%, and 10% of the cases were randomly allocated 98 

to the training, validation, and test datasets, respectively. 99 

We extracted data on the 36 clinical factors from the medical records of all eligible patients at multiple 100 
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time points (Table 1). For postoperative factors, tacrolimus-related factors, and laboratory data, data 101 

were collected at each observation point, including detailed time-series data on the medication 102 

interfering tacrolimus metabolism such as azole antifungal drugs. In our protocol, antifungal 103 

medication typically starts with intravenous micafungin and is switched to oral itraconazole once the 104 

patient can take oral medications. We did not use any other medications that could significantly 105 

influence tacrolimus metabolism in a routine manner. This dataset was composed of data based on the 106 

specific postoperative protocols. This study was approved by the Institutional Review Board of the 107 

Okayama University Hospital (No.2208-059).  108 

Management of tacrolimus at Okayama University Hospital 109 

Maintenance immunosuppression therapy consisted of tacrolimus, mycophenolate mofetil, and 110 

prednisolone. Tacrolimus was initiated with bolus infusion via intravenous administration every 12 111 

hours immediately after transplantation.22 After overall stability of the postoperative systemic 112 

condition and normal intestinal peristalsis were confirmed, the administration was switched from the 113 

intravenous to oral route. Serum tacrolimus concentration was measured using the antibody-114 

conjugated magnetic immunoassay with Dimension Tacrolimus Flex® Reagent Cartridge (TAC) from 115 

Siemens Healthcare Diagnostics. TTL measurements were initiated twice daily at fixed times; once 116 

the patient’s condition stabilized, the frequency was reduced to once daily. The observation period of 117 

the study was defined as within the timeframe of measuring TTLs twice a day, and clinical data were 118 

collected over a maximum period of 4 weeks. This timeframe referred to the period of the most 119 
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stringent tacrolimus medication management before the stabilization phase, during which TTL 120 

measurements were taken twice daily. We targeted tacrolimus concentrations in the first month after 121 

LTx at 8–13 ng/mL from April 2011 to March 2021 and at 10–15 ng/mL from April 2022. 122 

Data preparation  123 

There is a difference in dosage between intravenous and oral administration of tacrolimus, and 124 

previous studies have reported conversion dose ratios of 2.78–7.4 for switching from intravenous to 125 

oral tacrolimus administration.23-26 In the data from this study, the median dosage was 1.2 and 0.2 mg 126 

for oral and intravenous administration, respectively. Therefore, the intravenous dosage was set using 127 

data obtained by multiplying the actual prescribed dose by six as the input value to handle data in the 128 

model development. 129 

Model development 130 

All model generation processes were performed using Python version 3.10.12. A multivariate LSTM 131 

model constructed based on a three-layered structure (see Supplementary Figure S1) was utilized to 132 

predict TTLs, as illustrated in Figure 2. Figure 2 showed that TTL predictions were made using data 133 

from the previous three time points. In this context, complete information for the prior three time points 134 

does not exist before time point 4. Therefore, due to the lack of preceding data for the first three time 135 

points (1, 2, and 3), we expediently used the mean value of each factor from the study cohort as 136 

imputation data for the non-existent values at time points -2, -1, and 0. 137 

Figure 3 illustrates a flowchart detailing the model creation process. We examined the appropriate 138 
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combination of inputs to create a multivariate LSTM model that predicts TTL as a development model 139 

for the dose-TTL simulation tool. Shapley Additive exPlanations (SHAP) was implemented to select 140 

potential factors that could effectively predict TTL. SHAP assigns each feature an importance value 141 

called the SHAP value by calculating the marginal contribution of features to the model output from 142 

all features.27-28 SHAP values represent the relative contribution of each input factor to the predicted 143 

value increase or decrease from the baseline value in the AI model.29 The mean absolute values of the 144 

SHAP values indicate the importance of the SHAP feature that affects the model. In this study, SHAP 145 

was performed to select the top 15 influential factors with high SHAP feature importance, using 117 146 

cases from the study cohort. By simulating multiple combinations of factors with high SHAP feature 147 

importance, we investigated and selected the optimal combination of factors that predicted the TTL 148 

with the highest accuracy.  149 

The mean squared error (MSE) was introduced to assess accuracy.  150 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑦𝑖̂ − 𝑦𝑖)

2

𝑛

𝑖=1

 156 

where 𝑦𝑖̂ is the predicted value, 𝑦𝑖 is the actual value, and n is the series length. The model with the 151 

lowest MSE loss in the test dataset was adopted to create a dose-TTL simulation tool that could predict 152 

TTLs corresponding to tacrolimus dosages. To evaluate the overall performance of the ultimate model, 153 

we plotted the correlation between the predicted and actual values for the study cohort and calculated 154 

the R² value on the test dataset to demonstrate how accurately the predictive model explains the 155 
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observed data. 157 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 161 

where 𝑦𝑖̂ is the predicted value, 𝑦𝑖 is the actual value, 𝑦̅ is the mean value of the actual value, and 158 

n is the series length. Finally, simulated validation was conducted using the simulation cohort by using 159 

our dose-TTL simulation tool. 160 

 162 

Results 163 

Patient characteristics 164 

The patient characteristics in the dataset for the simulation tool development are shown in 165 

Supplementary Table S1. The observation time points ranged from 10 (5 days) to 56 (28 days), with a 166 

median of 26 (13 days). All 87,112 clinical data points were collected by capturing 36 clinical factors 167 

at each observation time point. The TTLs were measured at 3,327 time points. The percentage of TTLs 168 

within the target concentration range was 52.2% during the first postoperative week and 56.6% during 169 

the entire period. Among the study population, the 5-year chronic lung allograft dysfunction-free 170 

survival rate was 73.3% (95% confidence interval: 0.633–0.810), and the 5-year overall survival rate 171 

was 77.6% (95% confidence interval: 0.684–0.845) (Supplementary Figure S2). 172 

Analyses of the impact of each clinical parameter using SHAP 173 

Figure 4a shows the 15 clinical factors with high SHAP feature importance. The SHAP implied that 174 

the preceding tacrolimus dose and TTL had the greatest influence on the prediction of subsequent TTL 175 
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in this model. The SHAP feature importance of these two factors was more than three times higher 176 

than that of other clinical factors. In addition to tacrolimus-related factors (TRF), relatively high SHAP 177 

feature importance was observed for prednisolone dose, albumin (Alb), and azole antifungals. 178 

SHAP summary plots were drawn, as shown in Figure 4b, which present a clear overview of the 179 

variable importance along with their direction of impact on 15 clinical factors with high SHAP feature 180 

importance. This figure highlights that the distribution of SHAP values was positively skewed for the 181 

preceding tacrolimus dose and TTL, emphasizing that these factors were positively correlated with the 182 

next TTL values. The SHAP feature importance and summary plots for all factors are shown in 183 

Supplementary Figure S3. 184 

Selection of input combination to optimize dose-TTL simulation algorithm 185 

First, we established a benchmark LSTM model using the tacrolimus dose and TTL as inputs, which 186 

showed overwhelmingly high SHAP feature importance. Next, we set up the models by sequentially 187 

adding other candidate clinical factors to the input layer, along with dose and TTL, calculating and 188 

comparing the MSE loss for each on the test dataset. Imputation was excluded from the candidates 189 

because it is an essential flag in implementing the model. Consequently, it was demonstrated that 190 

adding tacrolimus administration route information to the benchmark model resulted in the lowest 191 

MSE loss value (Supplementary Table S2). As we did not observe a reduction in MSE loss with the 192 

addition of other factors, we ultimately opted for a simple LSTM model to predict tacrolimus 193 

concentration using only TRF, which included TTL, dose, and route (a total of 10,184 data) as inputs. 194 
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Figure 5a shows a positive correlation between the predicted and actual values, resulting in the R² 195 

value of 0.67 on the test dataset. Regarding the actual approximation, the percentage of predicted TTLs 196 

within ± 20% and ± 30% of actual TTLs was calculated to be 74.3% and 88.5%, respectively. 197 

Stratifying the results by the time periods after LTx revealed that the predictions were even more 198 

accurate one week after LTx (Figure 5b). Additionally, the route of administration on the test dataset 199 

did not significantly affect the prediction accuracy (Figure 5c). Figure 6 depicts examples of the 200 

temporal evolution of the predicted TTL in the test dataset of the study cohort, along with the actual 201 

measured TTL. These patients underwent LTx at various times and had diverse backgrounds. However, 202 

the predicted TTL values approximate the actual measured values throughout the observation period. 203 

Examination of the intravenous administration period (yellow zone) and oral administration period 204 

(purple zone) also revealed that the predicted TTL values closely matched the actual measured values 205 

irrespective of the administration route. The LSTM model, which predicts the next TTL using the TRF 206 

as the input, was ultimately adopted as the most accurate and straightforward TTL prediction tool. 207 

Validation case analyses 208 

The TTL prediction simulations were conducted using the LSTM model with six new simulation 209 

cases (Figure 7). Patient characteristics of the simulation cohort are shown in Supplementary Table S3. 210 

The mean absolute error between the actual and predicted value was 4.78, 2.20, and 1.51 ng/mL at 211 

time point 1, 2, and 3, respectively, indicating that the predicted values quickly approached the actual 212 

values. In cases 1 and 2, the TTL reached and stabilized within the target range after several doses. 213 
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The TTL values predicted using the simulation tool closely approximated these values. In contrast, the 214 

other four cases deviated from the target TTL early after the initiation of tacrolimus administration. At 215 

time point 4 in case 3 and time point 6 in case 4, the actual administered dose resulted in abnormally 216 

high TTLs, which can be predicted by the simulation tool. Instead, it suggested that an appropriate 217 

TTL can be achieved by reducing the dose. Conversely, at time point 5 in case 5 and time point 7 in 218 

case 6, the TTL did not reach the target range. The AI tool accurately predicted that the previous doses 219 

of tacrolimus would result in TTLs below the target value. It suggested that an increase in medication 220 

dosage was needed to achieve the target TTL. Validation using these simulation cohorts suggested that 221 

the LSTM-based simulation tool developed in this study has practical utility in proposing an 222 

appropriate tacrolimus dosage to achieve the target TTL, and the contribution of this simulation tool 223 

to dose optimization seems promising. 224 

 225 

Discussion 226 

The blood concentration of tacrolimus can be influenced by various clinical factors, making it 227 

challenging to precisely predict the TTL from the dosage, especially in the early post-transplant 228 

period.4, 6-7 Indeed, 70% of TTLs were reportedly outside the target range in the first week after LTx.5 229 

In addressing this issue, we have been employing bolus intravenous administration during the early 230 

post-transplant acute phase, resulting in a relatively high achievement rate of target trough levels.22 231 

However, approximately half of the medications fail to reach the target value. This study demonstrates 232 
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that accurate predictions of the next tacrolimus concentration can be achieved using only a simple 233 

input of previous tacrolimus dosing information using a novel time series approach with an LSTM 234 

algorithm. The predicted TTL values calculated using this model approximated the actual TTL values 235 

with 88.5% accuracy even with a limited size of training dataset. This result is comparable to the 236 

accuracy reported in a kidney transplantation study (64.87% - 91.33%) that utilized 10 commonly 237 

employed machine learning algorithms, which required a large number of input variables, specifically 238 

25 clinical factors.12 Furthermore, in the simulation of the validation cases, this simple LSTM model 239 

demonstrated the ability to accurately predict actual TTL values and proposed more appropriate 240 

medication dosages at points where the actual values deviated from the target. Overall, the AI 241 

methodology proposed in this study has the potential to provide practical tacrolimus recommendations 242 

after LTx. In the field of LTx, there have been no reports on tacrolimus management using deep 243 

learning, and this study provides new insights. 244 

LSTM is useful in forecasting time series data because it has been improved from conventional 245 

recurrent neural networks with regard to long-term memory and the vanishing gradient problem.30-31 246 

This algorithm has attracted much attention in recent years.27, 32-33 It has been commonly used in 247 

technical analysis for stock forecasting19-21; and, we believe that it could be applied to trend analysis 248 

of various time series data. In this study, we employed a multivariate LSTM, which can predict the 249 

next TTL using a certain time step with multiple input clinical factors, and identified several features 250 

of this AI algorithm. Interestingly, the prediction accuracy of the proposed LSTM model was not 251 
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significantly affected by various background clinical conditions. The cohort used to create the TTL 252 

prediction model included LTx patients spanning 11 years, providing a relatively broad historical range 253 

of clinical backgrounds. However, the TTL prediction performance of this tool remained stable across 254 

different periods. Additionally, the prediction accuracy of TTL did not change even during the switch 255 

of drug administration routes in the early post-LTx period. Furthermore, this LSTM model was capable 256 

of regaining prediction accuracy between several subsequent drug administrations and measurements, 257 

even in the face of rapid TTL fluctuations owing to unpredictable clinical conditions. The LSTM model 258 

can flexibly and relatively accurately predict future TTLs using minimal information regarding 259 

tacrolimus medication and its trends. 260 

We utilized SHAP to extract clinical factors as effective input features for creating a TTL prediction 261 

tool. SHAP is a type of explainable AI that can be used to detect factors that contribute to the model. 262 

An explanation of AI considerations may provide transparency for clinical applications.18, 27, 34 When 263 

assessing the importance of factors for an AI model, such as LSTM, there is a possibility that factors 264 

identified by other multivariate analyses, such as elastic net, may not truly be crucial for the model. 265 

Furthermore, in settings such as this study, where there are numerous confounding factors to be 266 

evaluated, multivariate analysis methods can encounter limitations in statistical precision owing to 267 

issues related to sample size. Therefore, we employed SHAP to examine the contribution of the overall 268 

data to the TTL results in our LSTM model. The results showed that the TTL and tacrolimus dose were 269 

the most significant predictors, showing a positive correlation with subsequent TTL values, which 270 
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markedly eclipsed the other variables in terms of feature importance. The validity of these input factor 271 

selections was substantiated through validation analysis. 272 

Several other clinical factors with high feature importance were identified using SHAP. Previous 273 

clinical studies have suggested that these factors are associated with tacrolimus metabolism and blood 274 

concentration. There are many reports of a relationship between TTL and Alb because tacrolimus 275 

distributes into proteins in the blood.7, 35-39 Additionally, high-dose or continuous prednisolone 276 

administration may induce CYP enzymes and leads to high tacrolimus clearance.5, 40 Similarly, azole 277 

antifungal drugs share CYP3A4 as a metabolic enzyme with tacrolimus.41-43 However, these factors 278 

with high feature importance had no additive effect of accuracy improvement in the LSTM model. The 279 

lack of improvement in accuracy is related to overfitting and the negligible impact of these factors on 280 

the algorithm settings. The study results indicate that the simple relationship between the previous 281 

tacrolimus-related information and the subsequent trough concentration is a conclusive factor that 282 

incorporates all the various elements influencing tacrolimus levels. This implies that our dose-TTL 283 

simulation tool is universal, irrespective of the variety of clinical conditions and the transplant 284 

physician's policy on a case-by-case basis. It would be practical to adapt the simplest model to flexibly 285 

available and limited clinical factors when applied to patients under various conditions. 286 

This study has some limitations. First, the size of data was limited. Since this study was conducted at 287 

a single facility, it can be asserted that the algorithm developed from our dataset by itself does not 288 

possess generalizability. However, the aim of this study was to validate the methodology of time series 289 
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forecasting, and it can be claimed that the efficacy of the method involving the learning of time series 290 

data through LSTM for the prediction of TTL has been demonstrated. Theoretically, training the model 291 

with a larger dataset should enable more accurate predictions. Furthermore, by learning from datasets 292 

specific to certain clinical contexts (such as medical facilities, eras, or administration methods), this 293 

LSTM model would likely be able to make predictions that are both flexible and precise in similar 294 

conditions. Although there are some differences between facilities, such as dosing methods and TTL 295 

measurement intervals, if tacrolimus dosing management follows certain rules at a facility, it is possible 296 

to create a simulation tool. Trend analysis with LSTM algorithm is a suitable analytical approach, and 297 

it is worth validating in multiple facilities. The second limitation pertains to the tacrolimus medication 298 

protocol. In this study, there was no significant difference in prediction accuracy between intravenous 299 

and oral administration. This is likely because the twice-daily bolus intravenous administration that 300 

we adopted did not cause instability in the absorption of tacrolimus immediately after surgery, allowing 301 

us to obtain regular data with peak and trough values similar to those seen with oral administration. 302 

Although the twice-daily bolus intravenous administration is not common, additional data from 303 

facilities that start with oral administration from the first dose may benefit those centers. However, 304 

there remains the possibility that prediction results may vary due to the variability in absorption during 305 

initial oral administration. Also, because the medication management in this study was based on fixed 306 

time schedules, the accuracy may decrease when used in outpatient settings where the timing of 307 

medication intake and concentration measurement is likely to shift. In such situations, it would be 308 
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necessary to add the data on the interval between tacrolimus administration and blood concentration 309 

measurement. Third, there is insufficient information about all factors affecting tacrolimus metabolism 310 

and absorption. We did not consider the diversity of genetic polymorphisms present in the study cohort. 311 

This information could potentially contribute to the identification of individual TTL patterns. In 312 

particular, the mean absolute error at time point 1 was large in the simulation cohort, which might be 313 

improved with information on genetic polymorphisms. Additionally, all subjects in this cohort were 314 

ethnically Japanese, and the number of cystic fibrosis patients was limited due to the rarity of the 315 

disease in Japan. Regarding concomitant drugs, there is a lack of cases with azole antifungal drugs 316 

other than itraconazole and medications affecting TTL, such as rifabutin. It may not be realistic to 317 

directly apply our model to cohorts with diversity in ethnicity and primary disease. However, since 318 

there are reports that LSTM-based models are capable of making accurate predictions even in cohorts 319 

with diversity,45-47 it may be possible to create a widely usable model by training on a large, diverse 320 

dataset. 321 

In conclusion, the LSTM model allows for a dose-TTL simulation with high accuracy solely by 322 

inputting previous dose-concentration data. This deep learning technique for time series analysis is 323 

capable of returning accurate predictions of TTL based on simple inputs, tailored to the learning 324 

environment. The effectiveness of tacrolimus concentration prediction and dosage determination 325 

assistance tools using time series approach warrants further prospective validation in a variety of 326 

clinical transplant cohorts. 327 
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Figure legends 471 

Figure 1. Flow diagram of the subject selection 472 

A total of 139 patients underwent lung transplantation at the Okayama University Hospital between 473 

April 2011 and May 2023. Tacrolimus was administered intravenously via a bolus or orally to 129 474 

patients. Three cases were excluded because of short administration periods (< 5 days) and two infants 475 

with body weights of less than 10 kg were excluded. One patient was excluded because of tacrolimus 476 

trough level (TTL) with significant outliers (probably owing to sampling error). 477 

Figure 2. Multivariate three-step long short-term memory model used in this study 478 

The input layer consisted of multivariate factors, and the output layer was set to the tacrolimus trough 479 

level (TTL). The three-step means that the output layer is predicted using the input factors at the prior 480 

three time points. The preceding three-step (t-3, t-2, t-1) time series data were used to predict the TTL 481 

at a specific time point (t). All clinical data were standardized using Z-score normalization, and 482 

imputation data were defined as the mean values of the respective factors. To distinguish the imputation 483 

data from other data, flags were set on these data and used in the analysis. The imputation flag reveals 484 

the point at which the TTL was unmeasured (red parts in the figure).  485 

Figure 3. Flowchart of model development in the study cohort 486 

First, 15 candidate clinical factors associated with tacrolimus trough level (TTL) were detected using 487 

Shapley Additive exPlanations (SHAP) for long short-term memory (LSTM) with all clinical factors. 488 

Subsequently, the mean squared error (MSE) loss was compared between LSTM models with various 489 
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combinations of candidate factors. Finally, a dose-TTL simulation tool was developed using the LSTM 490 

model, leading to the lowest MSE loss. 491 

Figure 4. The results of Shapley Additive exPlanations 492 

Alb, albumin; AST, aspartate aminotransferase; Cre, creatinine; D-BIL, direct bilirubin; Hct, 493 

hematocrit; PC, platelet concentrate; PT-INR, prothrombin time-international normalized ratio; TTL, 494 

tacrolimus trough level 495 

The graph shows the top 15 absolute value of mean Shapley Additive exPlanations (SHAP) value (a) 496 

and SHAP summary plots (b). The mean (|SHAP value|) indicates the average impact of the model 497 

output magnitude. The higher the importance of the SHAP feature, the more likely that a factor 498 

contributes to the model. The SHAP summary plots contributed to comprehending the variable 499 

importance along with their direction of impact on the 15 clinical factors with high SHAP feature 500 

importance. The horizontal axis represents the SHAP value; positive SHAP values affect the predicted 501 

TTL in an upward direction, whereas negative SHAP values affect it in a downward direction. In each 502 

dot, red and blue indicate high and low feature values, respectively. In other words, the red dots for the 503 

positive SHAP values and blue dots for the negative SHAP values indicate that the factor was 504 

positively correlated with the predicted values.  505 

Figure 5. Evaluation of the overall performance of the model and examination of accuracy based 506 

on the stratification of the test dataset 507 

Plotting the relationship between the predicted and actual values for the study cohort showed a positive 508 
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correlation (a). The test dataset was divided into three periods: up to day 3, from day 4 to day 7, and 509 

beyond day 8. The accuracy for each period was calculated, and the results showed that more accurate 510 

prediction was observed with longer post-transplant periods (b). The results, stratified by the route of 511 

administration, showed that the predictions for oral and intravenous administration had equivalent 512 

accuracy (c). 513 

Figure 6. The predicted result examples of tacrolimus trough level using a three-step long short-514 

term memory model utilizing only tacrolimus-related factors 515 

In the upper left of the graph, the period of lung transplantation is indicated. Regardless of patient 516 

background, the predicted tacrolimus trough levels (TTLs) were similar to the actual TTLs. Distinction 517 

by the route of administration in the prediction curve for TTLs. The predicted TTLs are similar to the 518 

actual TTLs after intravenous (yellow) and oral (purple) administration 519 

Figure 7. Results of a dose-TTL simulation tool for the latest six lung transplantation cases 520 

Cases 1 and 2 were successfully managed within the target range of the actual tacrolimus trough level 521 

(TTL). The actual and predicted TTLs at the final time point in cases 3 and 4 were outside the target 522 

range, with an intravenous dose of 0.30 mg. Our tool indicated that the dose to bring the predicted TTL 523 

into the target range was 0.18 mg in case 3 and 0.15 mg in case 4. In case 5, 0.27 mg was administered 524 

intravenously at time point 4 and the actual TTL was less than 10.0 ng/mL. The predicted TTL was 525 

also 9.0 ng/mL at 0.27 mg, and 0.37 mg was needed to derive 10.0 ng/mL. In case 6, by intravenous 526 

administration of 0.30 mg, the actual and predicted TTL at time point 7 were 8.4 and 8.7 ng/mL, 527 
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respectively. The dose required to bring the predicted TTL to the target range was 0.45 mg. 528 

  529 
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Supplementary information 530 

Supplementary Figure S1. The three-layer long short-term memory structure 531 

𝑐, long-term memory; 𝑐̃𝑡, new information from 𝑥𝑡 and ℎ𝑡−1; 𝑓𝑡, forget gate vector; ℎ , hidden state 532 

(short-term memory); 𝑖𝑡 , input gate vector; 𝑜𝑡 , output gate vector; σ, sigmoid function; tanh, 533 

hyperbolic tangent function; 𝑥𝑡, input; 𝑦𝑡, output 534 

Unique gates, called “forget gate,” “input gate,” and “output gate” allow to hold on the long-term 535 

memory. 536 

Supplementary Figure S2. Chronic lung allograft dysfunction-free survival curve (a) and overall 537 

survival curve (b) in the study population 538 

The median observation period is 5 years and 0 months. The 5-year chronic lung allograft dysfunction-539 

free survival rate was 73.3% (95% confidence interval: 0.633–0.810), and the 5-year overall survival 540 

rate was 77.6% (95% confidence interval: 0.684–0.845).  541 

Supplementary Figure S3. Shapley Additive exPlanations for all factors 542 

Alb, albumin; ALP, alkaline phosphatase; ALT, alanine aminotransferase; AST, aspartate 543 

aminotransferase; BUN, blood urea nitrogen; CHDF, continuous hemodiafiltration; CPB, 544 

cardiopulmonary bypass; Cre, creatinine; CRP, C-reactive protein; D-BIL, direct bilirubin; ECMO, 545 

extracorporeal membrane oxygenation; FFP, fresh frozen plasma; G-GT, γ-glutamyl transpeptidase; 546 

Hb, hemoglobin; Hct, hematocrit; LDH, lactate dehydrogenase; NO, nitric oxide; PC, platelet 547 

concentrate; POD, postoperative day; PT-INR, prothrombin time-international normalized ratio; RCC, 548 
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red cell concentrate; T-BIL, total bilirubin; TTL, tacrolimus trough level; WBC, white blood cell 549 

The graph shows the Shapley Additive exPlanations (SHAP) feature importance (a) and SHAP 550 

summary plots (b) for all factors. 551 

  552 
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Figure 1 553 

 554 

  555 



31 

 

Figure 2 556 
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Figure 3 559 
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Figure 4 562 
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Figure 5 565 
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Figure 6 568 
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Figure 7 571 
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Table 1. Collected 36 clinical factors for the input factors 574 

Alb, albumin; ALP, alkaline phosphatase; ALT, alanine aminotransferase; AST, aspartate 575 

aminotransferase; BUN, blood urea nitrogen; CHDF, continuous hemodiafiltration; CPB, 576 

cardiopulmonary bypass; Cre, creatinine; CRP, C-reactive protein; D-BIL, direct bilirubin; ECMO, 577 

extracorporeal membrane oxygenation; FFP, fresh frozen plasma; G-GT, γ-glutamyl transpeptidase; 578 

Hb, hemoglobin; Hct hematocrit; LDH, lactate dehydrogenase; LTx, lung transplantation; NO, nitric 579 

oxide; PC, platelet concentrate; POD, postoperative day; PT-INR, prothrombin time-international 580 

normalized ratio; RCC, red cell concentrate; T-BIL, total bilirubin; TTL, tacrolimus trough-level; 581 

WBC, white blood cell. 582 

  583 

Patient characteristics Tacrolimus-related factors 

 Age  Tacrolimus dose 

 Sex  Tacrolimus route (route of tacrolimus administration) 

 Height  TTL 

 Weight  

Intraoperative factors Laboratory data  

 Procedure (single/bilateral LTx)  BUN 

 Operation time  Cre 

 CPB  AST 

 Intraoperative blood loss  ALT 

 Intraoperative blood transfusion volume  LDH 

  - RCC  ALP 

  - FFP  T-BIL 

  - PC  D-BIL 

Postoperative factors  G-GT 

 Intubation period  Alb 

 ECMO/CHDF period  PT-INR 

 Azole antifungal  Hb 

 Inhalation of NO period  Hct 

 POD  WBC 

 Prednisolone dose  CRP 

 Mycophenolate mofetil dose  
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Supplementary Figure S1 584 

 585 

  586 
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Supplementary Figure S2 587 

 588 

  589 
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Supplementary Figure S3 590 

 591 
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Supplementary Table S1. Patient characteristics 593 

  Characteristics 
Overall 

n=117 

  Age (median) 2–68 (42) 

  Male (%) 59 (50.4) 

  Preoperative information 
 

    Height (median) (cm) 90–181 (161.3) 

    Weight (median) (kg) 11.2–95.5 (45.2) 

  Intraoperative information 
 

    Bilateral lung transplantation (%) 82 (70.1) 

    Lobar transplantation (%) 46 (39.3) 

    CPB use (%) 80 (68.4) 

    Operation time (median) (min) 219–845 (466) 

    Intraoperative blood loss (median) (mL) 10–15,860 (830) 

  Observation points (median)  10–56 (26) 

 594 

CPB, cardiopulmonary bypass 595 

The observation period is defined as the timeframe for measuring tacrolimus trough levels twice daily, 596 

with a maximum period of 4 weeks.  597 

 598 

 599 

  600 
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Supplementary Table S2. Mean squared error loss of the model for each additional factor to 601 

tacrolimus dose and trough level in the input layer 602 

  Input factors Additional factor Loss 

  Tacrolimus dose + TTL 

 1.69 

 +   Intraoperative blood loss 2.09 

 +   Prednisolone dose 1.75 

 +   PC 1.71 

 +   Azole antifunga 1.70 

 +   Hct 1.70 

 +   Procedure 1.69 

 +   AST 1.68 

 +   Cre 1.68 

 +   PT-INR 1.66 

 +   D-Bil 1.66 

 +   Alb 1.65 

 +   Route of tacrolimus 

administration 
1.58 

 603 

Alb, albumin; AST, aspartate aminotransferase; Cre, creatinine; D-BIL, direct bilirubin; Hct, 604 

hematocrit; PC, platelet concentrate; PT-INR, prothrombin time-international normalized ratio; TTL, 605 

tacrolimus trough level 606 

 607 

 608 

  609 
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Supplementary Table S3. Patient characteristics of the simulation cohort 610 

 611 

Case Age Sex Disease Procedure CPB Operation time Intraoperative blood loss 

1 50 M ILD Single - 375 min 310 mL 

2 57 M BOS Single + 514 min 3530 mL 

3 17 M PAH Bilateral + 685 min 555 mL 

4 48 M ILD Single + 456 min 830 mL 

5 55 F DPB Bilateral + 544 min 1460 mL 

6 16 M BOS Bilateral + 561 min 2120 mL 

 612 

BOS, bronchiolitis obliterans syndrome; CPB, cardiopulmonary bypass; DPB, diffuse 613 

panbronchiolitis; ILD, interstitial lung disease; PAH, pulmonary arterial hypertension 614 

 615 


