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Abstract 

Background: Allogeneic hematopoietic stem cell transplantation (Allo-HSCT) is a curative 

treatment for hematological malignancies. However, patients remain at risk for serious 

complications, including non-relapse mortality (NRM), relapse, rejection, acute graft-versus-

host disease (aGvHD), and chronic GVHD (cGvHD). Accurate early prediction of these 

outcomes can support clinical decision-making and improve long-term prognosis. This study 

uses pre-transplant data from 16,427 patients with malignancies recorded in the European 

Society for Blood and Marrow Transplantation registry (EBMT) between 2013 and 2023. 

Objectives: This study aims to use machine learning algorithms to predict the probability of 

NRM, rejection, relapse, aGvHD and cGvHD in patients within one year after Allo-HSCT. 

Methods: We developed and evaluated eight machine learning algorithms, including logistic 

regression, random forest, XGBoost (XGB), decision tree, elastic net, bayesian classifier, 

bayesian additive regression trees (BART) and a stacking ensemble model. Clinical data from 

patients receiving Allo-HSCT for malignant diseases were used. Model performance was 

assessed using Area under the curve (AUC) and accuracy. SHapley Additive exPlanations 

(SHAP) was applied to interpret the impact of individual features. 

Results: The stacking model achieved the highest AUC across all outcomes, with the best 

performance in rejection (0.745), followed by relapse (0.735), NRM (0.732), aGVHD (0.700), 

and cGVHD (0.630). In terms of accuracy, stacking also ranked highest for cGVHD (0.615), 

aGVHD (0.613), and rejection (0.845), while the best-performing models for relapse and NRM 

were elastic net (0.704) and logistic regression (0.746), respectively. For rejection, the most 

influential features were treatment date, HLA matching, performance status, and conditioning 

regimen. For relapse, treatment date, DRI, conditioning regimen, and Thiotepa use were most 

important. For aGvHD, treatment date, donor type, and HLA matching ranked highest. For 

cGvHD, key features included treatment date, performance status, Thiotepa use, 

Cytomegalovirus (CMV) match, and HLA matching. For NRM, age at treatment, Thiotepa use, 

and treatment date were consistently top-ranking features. 

Conclusion: The stacking model demonstrated the best overall performance. Among the five 

outcomes studied, treatment date consistently emerged as the most important feature. 

Machine learning shows strong potential as a supportive tool in clinical decision-making. 

KEYWORDS: Allo-HSCT, Adult, Malignant Diseases, Machine Learning, Adverse Event 

Prediction 
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1. Introduction 

Allogeneic hematopoietic stem cell transplantation (Allo-HSCT) is a pivotal treatment for high-

risk hematologic malignancies, particularly refractory hematologic cancers such as Acute 

myeloid leukemia (AML), acute lymphoblastic leukemia (ALL), high-risk myelodysplastic 

syndrome, and aggressive lymphomas [1]. This procedure involves transplanting healthy 

donor hematopoietic stem cells into the patient to replace the dysfunctional hematopoietic 

system. After intensive chemotherapy or other immunosuppressive conditioning regimens to 

eradicate malignant or abnormal clonal cells and interrupt disease pathogenesis in the 

recipient, either autologous or allogeneic hematopoietic stem cells are transplanted to rebuild 

normal hematopoiesis and immune function, thereby achieving therapeutic goals. Allo-HSCT 

was initially performed using bone marrow as the primary source of stem cells. It has since 

evolved to include peripheral blood stem cells and umbilical cord blood as alternative graft 

sources. [2].  

But its clinical application still faces key challenges such as relapse, rejection, NRM and graft-

versus-host disease (GvHD). Relapse after transplantation is mainly due to the immune 

escape or drug resistance of residual tumor cells [3], especially when the conditioning regimen 

fails to completely eliminate malignant cells or the graft-versus-tumor effect is insufficient [4]. 

NRM is the main cause of transplant-related death, with an incidence of 10-30% [5]. Although 

graft rejection is relatively rare, once it occurs, it will lead to transplant failure.The aGvHD 

represents one of the most prevalent and severe immune-mediated complications following 

HSCT. Typically manifesting within the first 100 days post-transplantation, aGvHD is primarily 

driven by donor T cells that recognize recipient Allo-antigens as foreign and subsequently 

trigger a cascade of inflammatory events [6]. The skin, liver, and gastrointestinal tract are the 

primary target organs [7], although involvement of critical sites such as the central nervous 

system can also occur [8]. Severity of clinical manifestations varies considerably. In severe 

cases, progression to multiple organ dysfunction syndrome markedly worsens prognosis and 

can be fatal [9]. The cGvHD is a prevalent and severe long-term complication following HSCT, 

typically manifesting beyond 100 days post-transplant. It involves multiple organs, commonly 

affecting the skin, oral mucosa, eyes, liver, lungs, and gastrointestinal tract [10]. cGvHD leads 

to impaired quality of life. 

Outcome prediction for Allo-HSCT remains a highly complex and multidimensional task due to 

the wide range of interrelated factors involved. Patient-related characteristics such as age [11, 

12, 61, 62], comorbidities [13, 14], performance status [15], disease type [16], and disease 

stage [17] significantly influence post-transplant outcomes. Donor-related variables, including 
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donor age [18], and the source of stem cells (e.g., peripheral blood, bone marrow, or cord 

blood) [19, 20] also play a critical role. Moreover, compatibility between donor and recipient—

such as CMV serostatus matching [21, 22], HLA matching [23-25], gender matching [26, 27], 

and donor relationship [28]—further affects transplant success and complications. Treatment-

related factors add another layer of complexity, including the use of total body irradiation (TBI) 

[29], the type of conditioning regimen [30], the specific agents used in the preparative regimen 

(e.g., Fludarabine or Thiotepa) [31-33], and prior immunosuppressive therapy [34]. The 

intricate interactions among these variables make outcome prediction especially challenging 

and underscore the need for robust, interpretable predictive models. 

Machine learning, a pivotal branch of artificial intelligence, is capable of autonomously 

extracting meaningful patterns from complex datasets and generating accurate predictions. In 

hematological research and clinical practice, supervised machine learning has emerged as a 

powerful tool for early risk prediction of disease onset [35]. The most commonly employed 

supervised machine learning algorithms in medical prediction include classical approaches 

such as logistic regression, regularized linear regression, decision trees, and support vector 

machines (SVMs), as well as ensemble methods including boosting (e.g., XGB, LightGBM), 

bagging (e.g., random forest), and stacking algorithm. Recently, there is a growing adoption of 

Bayesian additive regression trees (BART) in public health. These methodologies are 

increasingly being integrated into hematological risk stratification systems to improve 

prognostic accuracy. To enhance the interpretability of machine learning results, SHAP 

(SHapley Additive exPlanations), a method grounded in cooperative game theory, was 

employed to quantify the contribution of each feature to the model’s predictions [36]. SHAP 

has become a widely adopted tool in the machine learning research community for 

understanding complex model. 

The objective of this study was to develop predictive models for five key one-year outcomes 

following first allogeneic HSCT: NRM, Relapse, Rejection, aGvHD, and cGvHD. Data for this 

study were obtained from the EBMT and analyzed on the basis of outcomes of systematic 

literature review. 

2. Systematic Review 

The systematic literature review was conducted across three major databases: PubMed, IEEE 

Xplore, and Scopus following the Preferred Reporting Items for Systematic Reviews and Meta-

analysis (PRISMA) [37] guidelines to identify relevant literature on the application of machine 

learning and artificial intelligence (AI) in predicting relapse, rejection, or NRM, cGvHD and 

aGvHD following Allo-HSCT from January 1, 2020 and February 17, 2025.  
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2.1 Methods 

2.1.1 Eligibility Criteria 

Studies were eligible for inclusion if they met the following criteria: 

1. Studies must be related with Allo-HSCT. 

2. Studies that applied machine learning or AI techniques in predicting the following 

clinical outcomes: relapse, rejection, mortality, and death. 

3. Studies must have involved human patients exclusively, excluding non-human or 

animal studies. 

4. Studies published in English between January 1, 2020 and February 17, 2025 

The following exclusion criteria were applied to ensure focus and consistency in the research 

theme: 

1. Review articles were excluded.  

2. Studies that lacked full-text content were excluded. 

3. Studies that only used traditional statistical methods such as logistic regression for data 

analysis were excluded. 

4. Studies related to autologous hematopoietic stem cell transplantation were excluded. 

5. Studies focusing on complications unrelated to the five clinical outcomes of interest 

were excluded. 

2.1.2 Search Strategy 

Three search commands were employed using the terms listed in Appendix 1 to retrieve 

primary studies relevant to the research question in interest. The search terms included various 

synonyms and related concepts for Allo-HSCT, such as “GVHD”, “aGvHD”, “umbilical cord 

blood transplantation”, and “bone marrow transplant”. These were combined using Boolean 

operators with outcome-related terms including “relapse”, “rejection”, “GvHD”, and “death”, as 

well as methodology-related terms such as “machine learning” and “artificial intelligence”. 

Filters were applied where available to limit search results in journal articles published in 

English.  

2.1.3 Study Selection 

The PRISMA workflow illustrating the systematic identification, screening, eligibility 

assessment, and inclusion of scientific literature is presented in Figure 1. 

We initially identified 76 relevant articles from PubMed, 51 from Scopus, and 35 from IEEE 

Xplore. After merging the search results and removing 10 duplicates, a total of 151 unique 

records were screened based on title and abstract. Of these, 109 articles were excluded. The 
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remaining 42 articles underwent full-text review. Based on predefined eligibility criteria, an 

additional 14 articles were excluded. Ultimately, 27 studies were included for final evaluation. 

Figure 1: PRISMA Flow Diagram for Systematic Identification of Scientific Literature.

 

After screening, eligibility assessment, and removal of duplicates, a total of 23 studies were 

included and their key information, including the article's outcomes, applied algorithms, best 

machine learning methods, evaluation metrics, features, and sample details, was extracted 

and recorded from each study.  

2.4 Literature Review Results 

2.4.1 Included Papers Characteristics  

Among 23 papers, 10 focused exclusively on paediatric populations, 6 investigated adult 

patients (aged ≥18 years), and 7 included both children and adults. In terms of outcomes, most 

of the papers focused on a single clinical outcome, though a few examined multiple outcomes 

simultaneously. Overall mortality was the most commonly studied outcome (18 studies). Four 

studies specifically targeted NRM, while one study examined mortality in patients who did not 

experience cGvHD, relapse, or graft rejection. Additionally, relapse was evaluated in five 

studies, and graft-versus-host disease (GvHD) in two (Appendix 2). 

2.4.2 Extracted Data 

Features 

Among the 23 studies reviewed, one study (Gourisaria et al., 2023) selected 11 features from 

a broader set of variables but did not provide sufficient detail, therefore, this study was 

excluded from feature synthesis. Because of the inconsistencies in feature labelling across 

studies, we standardized the terminology and grouped the them into 34 unique features, which 
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can be classified as 25 pre-transplant and 9 post-transplant features based on the time of data 

collection. Notably, pre-transplant features predominated across the studies. As shown in the 

Figure 2, we can observe that the most frequently reported were diagnosis and disease stage 

(n = 18), HLA typing (n = 12), and CMV status (n = 10). More than half of the pre-transplant 

features were cited in over four studies. In contrast, post-transplant features were infrequently 

included, with survival time and ANC or platelet recovery being the most common—each 

appearing in only four studies.     

Figure 2: The Count of Features Listed in Systematic Reviews (a) Pre-transplant Features, (b) Post-

transplant Features 

 

Algorithms 

All included studies employed supervised learning approaches. In total, 22 distinct machine 

learning algorithms were identified across the 23 studies. The corresponding predicted 

outcomes, algorithms used, and their reported performance metrics are summarized in Table 

1. Among them, 4 algorithms were specifically designed for survival analysis (cox proportional 

hazards model, fine and gray competing risks model, nonparametric failure time bayesian 

additive regression trees, and random survival forest), while the remaining 18 algorithms were 

applied for regression or classification tasks.  

Table 1. Summary of Reviewed Studies Information based on Machine Learning Techniques and Other 

Details. 

Reference Outcomes Tested Machine Learning Techniques Best Machine Learning Technique  
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von Asmuth et al., 

2023 [38] 

1-year, 2-

years and 5-

years 

overall 

survival 

 

XGB, Random forest 
XGB ([AUC] 0.728, 0.716 and 

0.694) 

Wang et al., 2023 

[39] 

Early 

mortality 
Logistic regression, XGB, LASSO, Random forest Logistic regression ([AUC] 0.739) 

Afanaseva et al., 

2023 [40] 
Relapse GBM, Logistic regression, SVM, Random forest GBM ([AUC] 0.91) 

Qu et al., 2025 [41] 
Overall 

survival 
XGB  No comparison 

Shourabizadeh et 

al., 2024 [42] 

100-days 

survival 
RF, Logistic regression, XGB, Decision tree Random forest ([AUC] 0.71) 

Lee et al., 2022 [43] 

VOD/SOS, 

100-days 

survival 

XGB, Logistic regression, Decision tree, Adaboost, 

Bayesian classifier  

XGB ([AUC] VOD/SOS: 0.740; 

Early Death: 0.746) 

Jo et al., 2024 [44] Relapse Random forest ([Accuracy] ALL: 0.85; AML: 0.81) No comparison 

Alawneh & 

Hasasneh, 2024 

[45] 

Mortality RF, XGB, GBM, Decision tree, Adaboost, KNN RF([AUC] 0.969) 

Ratul et al., 2022 

[46] 

Overall 

survival 

Logistic regression, XGB, GBM, Decision tree, RF, 

AdaBoost, 
Logistic regression ([AUC] 0.947) 

Chadaga et al., 

2023 [47] 

Overall 

survival 

Stacking, Logistic regression, XGB, Decision tree, RF, 

Adaboost, Catboost, 
Stacking ([AUC] 0.91) 

Short et al., 2024 

[48] 
Relapse 

XGB, Logistic regression, Decision tree, SVM, RF, 

Bayesian classifier, Neural Networks 
XGB ([AUC] 0.902) 

Marvin & Alam, 

2022 [49] 

Overall 

survival 
XGB, Catboost, Light GBM XGB ([AUC] 0.944) 

Rifat et al., 2023 

[50] 

Overall 

survival 
Decision tree, XGB, GBM, RF, Adaboost, KNN Decision tree ([Accuracy] 0.968) 

Hossain et al., 2022 

[51] 

Relapse, 

GVHD 
RF, Decision tree, Extra Tree, KNN, Neural Networks Random forest ([AUC] 0.973) 

Gourisaria et al., 

2023 [52] 

Overall 

survival 
Adaboost, GBM, Decision tree, RF, Catboost Adaboost 

Afanaseva et al., 

2023 [53] 

Overall 

survival 
BCF No comparison 

Spellman et al., 

2024 [54] 

3-years 

overall 

survival and 

Event 

(cGvHD, 

Relapse 

and 

Rejection) -

free survival 

NFT BART No comparison 

Choi et al., 2022 

[55] 

Overall 

survival, 

Relapse, 

and 

GBM, Logistic regression, RF, Adaboost, Neural 

Networks 
GBM ([AUC] 0.788) 
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Relapse-

free survival 

Okamura et al., 

2021 [56] 

1-year 

overall 

survival, 

progression

-free 

survival, 

relapse/pro

gression, 

relapse-free 

survival 

RSF No comparison 

Iwasaki et al., 2021 

[57] 

GVHD and 

Relapse-

free survival 

Stacking, Cox, Fine-Gray, RSF, XGB, GBM, 

Component-wise GBM, Neural Networks 

Stacking ([C-Index] 0.023, 0.21, 

0.044, 0.017 and 0.258) 

Echecopar et al., 

2024 [58] 

1-year 

overall 

survival, 

RSF No comparison 

McCurd et al., 2022 

[59] 

Overall 

survival 
Decision tree No comparison 

Mussetti et al., 

2023 [60] 

Overall 

survival and 

Non-relapse 

survival 

ElasticNet, Neural Networks, Logistic regression, 

SVM, RF, GBM 
ElasticNet ([AUC] 0.64, 0.61) 

Among the 23 studies included in our review, 16 compared the performance of multiple 

machine learning models, while the remaining seven employed only a single algorithm. For 

studies that evaluated several models, the AUC was used as the primary criterion for 

identifying the best-performing algorithm. In cases where AUC was not reported, accuracy and 

other metrics were considered. Based on these criteria, we recorded both the number of times 

each algorithm was tested and the number of times it was reported as the best-performing 

model in Table 2. In terms of frequency of application, the most commonly applied models were 

random forest (n = 14), XGB (n = 12), decision tree (n = 10), and logistic regression (n = 9).  In 

terms of performance, XGB achieved the best in four studies, followed by random forest (n = 

3), and logistic regression (n = 2). Although stacking was evaluated in only one study, and 

consequently identified as the best-performing algorithm only once, it substantially 

outperformed other machine learning algorithms in terms of AUC and accuracy in that study. 

Table 2. Summary of Reviewed Studies Information based on machine learning count and performance. 

Main Category Machine Learning 
Tested count (among 23 

paper) 
Number listed as best 

(among 16 papers) 

Linear Logistic Model Logistic regression 9 2 
Linear Model (Regularization) LASSO 2 0 
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 Elastic Net 1 1 

Bagging Ensemble RF 14 3 

 Extra Tree 1 0 

 BCF 1 0 

Boosting Ensemble XGB 12 4 

 GBM 8 2 

 Catboost 3 0 

 Adaboost 7 1 

 Light GBM 1 0 

 Component-wise Gradient 

Boosting 
1 0 

Stacking Ensemble Stacking 2 2 
Single Tree Model Decision tree 10 1 
Probabilistic Model Bayesian classifier 2 0 
Neural Networks Neural Networks 5 0 
SVM SVM 4 0 
KNN KNN 4 0 

To enhance clarity and comparability, the 19 machine learning algorithms identified in the 

review were organized into broader categories reflecting shared methodological characteristics. 

Tree-based models were divided into single-tree model (decision tree), and ensemble tree 

models. Ensemble tree models were further classified into three types: bagging methods (e.g., 

random forest, extra trees, BCF), boosting methods (e.g., XGB, GBM, CatBoost, AdaBoost, 

LightGBM, Component-wise GB), and stacking method (Stacking algorithm). 

Logistic regression was placed in its own category of linear logistic model. Regularized variants 

such as LASSO and Elastic net were grouped as regularized linear models. Bayesian classifier 

was classified as a probabilistic model. Neural networks, SVM and KNN were assigned to 

individual categories due to their distinct mechanisms.  

Among the ten main algorithm groups, only three—Linear Models with Regularization, Bagging 

Ensembles, and Boosting Ensembles—incorporated more than one machine learning method. 

Within the linear regularization group, LASSO was used in two studies but was not identified 

as the best-performing model in any. In contrast, Elastic net was used in only one study yet 

was reported as the top performer. Therefore, Elastic net outperformed LASSO within this 

category. 

In the Bagging Ensemble group, random forest is the best. Because it was the most frequently 

used and was identified as the best-performing algorithm in three studies.  In the Boosting 

Ensemble group, XGB was used in 12 studies and ranked best in four, outperforming GBM 
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and CatBoost. Its strong performance and low computational cost support XGB as the best 

method in this category. 

3. Outcome Prediction 
3.1 Methods 

3.1.1 Data Source 

This study analyzed data from all patients (n = 16,427) who received their first Allo-HSCT at 

any center across France between January 1, 2013, and December 31, 2023. We included all 

adult patients (>=18 years old) with malignant diseases, including acute myeloid and lymphoid 

leukemia, chronic myeloid and lymphoid leukemia, lymphoma, myelodysplastic syndrome, 

myelodysplastic/myeloproliferative disease, myeloproliferative disorder and plasma cell 

neoplasm, from the EBMT registry. Patients’ demographic, clinical, and genotypic information 

was extracted for analysis. 

3.1.2 Outcome Definition 

• NRM was defined as death within one year following transplantation in the absence of 

relapse during that period. 

• Relapse was defined as the occurrence of disease recurrence within one year following 

transplantation. 

• Rejection was defined as the absence of ANC or PLT recovery, absence of graft loss, 

and no second Allo-HSCT performed within one year after the initial transplant. 

• aGvHD and cGvHD outcomes were defined as the occurrence of acute or chronic 

GVHD, respectively, within one year post-transplantation. 

3.1.3 Feature Used for The Modelling 

Based on the findings from the systematic review, all EBMT available pre-transplant features 

were included in model development. To avoid the confounding effect of competing risks, 

features that are only measurable during the post-transplant period were excluded. 

We used the Disease Risk Index (DRI) to represent disease type and stage. Developed by 

Armand et al., the DRI is a well-validated comprehensive index that is independent of patient 

age, donor source, and comorbidities. By classifying patients into four distinct risk groups, the 

DRI is particularly well-suited for risk stratification for patients undergoing Allo-HSCT. In the 

systematic review, studies by Lee et al. (2022), Okamura et al. (2021), and Qu et al. (2025) 

employed the DRI to replace the disease diagnosis and disease stage. Based on the principal 

of the DRI, patients were categorized into four risk levels: low, intermediate, high, and very 

high. Multiple studies indicating that patients aged ≥55 years tend to experience poorer 
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outcomes following HSCT [61, 62]. Therefore, we chose age at 55 as one cut-off point and 

recipient age feature was grouped into three intervals: 18–30, 30–55, and ≥55 years. In terms 

of HLA matching, given that fully matched sibling donors are considered the gold standard [63] 

and are generally preferred over fully matched unrelated donors, we categorized them 

separately to distinguish fully matched siblings from fully matched non-sibling donors. 

Numerous studies have suggested that haploidentical transplantation is a viable option when 

conventional fully matched donor is not available, cause the haploidentical shares the similar 

outcomes with unrelated match [64, 65]. Passweg et al. analyzed data from the EBMT activity 

survey report and reported a significant increase in the use of haploidentical transplants since 

2012 [66]. In light of this trend and to better capture the clinical nuances of donor compatibility, 

we categorized HLA matching into five groups: fully matched sibling donors, fully matched 

unrelated donors, single-allele mismatches (9/10), haploidentical mismatches, and other 

mismatches. Body Mass Index (BMI) was categorized based on the World Health 

Organization (WHO) definition [67], with values between 18.5 and 24.9 kg/m² 

considered normal, and all other values classified as abnormal. We categorized CMV 

matching into two groups: R−/D− and all other combinations. This classification is based on 

the widely accepted clinical practice that a CMV-seronegative donor for a CMV-seronegative 

recipient is associated with the best outcomes [18, 22, 68]. Donor type feature was categorized 

as related donor and unrelated donor. For gender matching, we categorized donor-recipient 

combinations into two groups: female-to-male and all other combinations. This classification 

was informed by findings from a 2021 internal survey conducted by the Pediatric Diseases 

Working Party of the EBMT, which revealed a prevalent clinical preference for selecting male 

donors, especially when the recipient is male [69]. 

We recorded the prophylaxis as a binary variable (yes or no). Pretransplant 

immunosuppressive treatment episodes were classified as never, once, or twice. Conditioning 

regimen was categorized as either myeloablative conditioning or reduced-intensity 

conditioning, and the presence or absence of TBI was also recorded. Performance status was 

categorized as ≤80, 90 or 100. Lead time, defined as the time from diagnosis to transplantation, 

was grouped into ≤6 months, 6–12 months, or >12 months.  Due to compliance regulations, 

recipient race data are not recorded in the EBMT registry.  

3.1.4 Data Cleaning 

In this study, features with more than 20% missing values were excluded from the analysis. 

These included variables such as blood type, pre-transplant RBC and platelet transfusion, and 

antigen-specific cell dose metrics (e.g., CD34⁺ and CD3⁺ cell counts), which were unavailable 

for the majority of the study population. For features with less than 20% missing data, 



12 
 

imputation was performed to retain their predictive value in the model development. Appendix 

3 summarizes the number and percentage of missing values for the features that met the 

inclusion threshold (i.e., missingness < 20%). 

Overall, most variables had minimal missingness (less than 1%), such as recipient gender 

(0.01%), donor type (0.05%), and prophylaxis (0.07%). However, a few variables had relatively 

higher rates of missing data, including disease stage (4.14%) and performance status (7.69%).  

All data cleaning procedures were conducted using R version 4.4.3. Missing data were imputed 

using the 'mice' package. The dataset was randomly split into a training set (85%) and a 

validation set (15%). 

3.1.5 Statistical Analysis 

Logistic regression was performed using the stats package (0.1.0 version), while the elastic 

net model was fitted with the glmnet package (4.1-9 version). The bayesian classifier model 

was built using the e1071 package (1.7-16 version). Random Forest was implemented via the 

tuneRanger package (0.7 version). XGB was fitted using the xgboost package (1.7.11.1 

version). The BART model was implemented with the dbarts package (0.9-32 version). XGB 

was implemented with 10-fold cross-validation. The key hyperparameters were set as follows: 

max_depth = 6, eta = 0.3, and the evaluation metric was AUC. Early stopping was applied 

when the performance did not improve after 10 consecutive rounds. The maximum number of 

boosting iterations was set to 100. 

The random forest model consisted of 1,000 trees. Hyperparameter tuning was conducted in 

70 iterations. The tuned parameters included mtry, min.node.size, and sample.fraction. For the 

elastic net model, the optimal penalty parameter was selected based on lambda.min. The 

decision tree model was trained with the rpart package. The hyperparameters minsplit (from 

10 to 500, in steps of 10) and cp (0.001, 0.01, 0.1, 1) were tested. These parameters controlled 

the minimum number of samples for splitting and the cost-complexity of pruning, respectively. 

Class imbalance was adjusted by setting prior probabilities to 0.5 for each class. Model 

performance was evaluated by 10-fold cross-validation. For the BART model, the number of 

trees (ntree) and the prior parameter k were tuned. Three values were tested for each: 100, 

200, 300 for ntree and 1.0, 2.0, 3.0 for k. The tuning process used 10-fold cross-validation.In 

this study, seven base learners—logistic regression, elastic net, XGB, random forest, bayesian 

classifier, decision tree, and BART—were trained using five-fold cross-validation with 

hyperparameter tuning. The meta-learner was constructed through logistic regression.  

Eight algorithms were assessed using AUC and accuracy to evaluate the performance in 

predicting 1-year outcomes followed the Allo-HSCT. The optimal threshold for the confusion 
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matrix was selected based on the Youden index [70] instead of a fixed cutoff of 0.5. Sensitivity, 

and specificity were included as complementary measures to provide a more complete view 

of model behavior. To interpret model outputs, SHAP values were used to assess feature 

contributions. For Bayesian classifier, RF, and elastic net, SHAP values were computed using 

the iml package. For XGB, the SHAPforxgboost package was employed, and for BART, feature 

contributions were evaluated using the bartXViz package. 

The summary of the selected hyperparameters for each algorithm is provided in Appendix 4. 

For the XGB models, the optimal AUC was achieved after 13 to 16 rounds of 10-fold cross-

validation. For the random forests model, the mtry parameter generally ranged from 5 to 10, 

while the minimum node size (min.node.size) varied across outcomes—being smallest (24) for 

Rejection and largest (338) for Relapse. In the Elastic Net models, the optimal values of 

lambda.min were consistently low, with all values falling below 0.005. For the Decision tree 

model, the smallest minsplit value (10) was observed for Relapse, whereas the largest (210) 

was for aGvHD. In the case of BART model, the cGvHD model had the smallest number of 

trees (ntree = 100), while other models used 200 or 300 trees. 

5.  Results 
5.1 Patient Characteristics 

The summary of demographic characteristics of the included patients is shown in Table 3. Five 

distinct outcomes within the first year after allogeneic HSCT were analyzed. Death occurred in 

25.0% of patients, while relapse, graft rejection, acute GVHD, and chronic GVHD were 

observed in 19.0%, 7.8%, 60.0%, and 38.9% of patients, respectively. Each outcome was 

assessed independently.  

Over half of patients (52.1%) were older than 55 years at the time of treatment. Acute leukemia 

was the most common diagnosis (58.4%), followed by myelodysplastic syndrome (13.2%), 

lymphoma (11.8%), and myeloproliferative disorders (7.0%). Chronic leukemia, 

myelodysplastic/myeloproliferative disease and plasma cell neoplasms were each observed in 

less than 4% of patients. Over one third of patients received transplants within 6–12 months 

of diagnosis (35.9%), while 21.8% had lead times exceeding two years. Most patients had 

good performance status (62.3% with scores ≥90) and intermediate DRI assignment (51.6%), 

with only 3.8% classified as very high risk. Approximately 48.9% of patients had a normal BMI, 

while 32.8% were overweight and 14.5% obese. The HCT-comorbidity index was ≤2 in 72.9% 

of patients. Infectious complications occurred in 37.4%, whereas non-infectious complications 

were reported in 93.6%. Transplants were distributed across time periods, with 36.1% 

performed between 2013–2016, 35.8% between 2017–2020, and 28.1% between 2021–2023. 
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Reduced-intensity conditioning regimens were used in 65.6% of cases. Nearly all patients 

(99.5%) received prophylaxis, and total body irradiation was administered to 80.5%. The most 

commonly used conditioning agents were bendamustine (99.9%), fludarabine (85.1%), and 

busulfan (73.9%). Use of cyclophosphamide (29.4%), thiotepa (20.4%), melphalan (3.8%), and 

treosulfan (2.2%) was less frequent. 

Table 3: Baseline Demographic Characteristics of the Study Cohort. 

 

Variables 

 

Number 

 

Pourcentage 

   

 

NRM 
  

  Yes 2463 15.0% 

  No 13964 85.0% 

   

Relapse    

  Yes 3129 19.0% 

  No 13298 81.0% 

   

Rejection    

  Yes 1289 7.8% 

  No 15138 92.2% 

   

aGvHD    

  Yes 9833 60.0% 

  No 6594 40.0% 

   

cGvHD    

  Yes 6388 38.9% 

  No 10050 61.1% 

   

Patient’s Age at Treatment     

  18~40   3303  20.1% 

  40~55  4559  27.8% 

  > 55  8565  52.1% 
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Main Diagnosis   

  Acute leukemia 9589 58.4% 

  Chronic leukemia 589 3.6% 

  Lymphoma 1940 11.8% 

  Myelodysplastic syndrome 2159 13.2% 

  Myelodysplastic/myeloproliferative disease 583 3.6% 

  Myeloproliferative disorder 1155 7.0% 

  Plasma cell neoplasm 398 2.4% 

   

Lead Time      

  < 3 months  712  4.3%  

  3 to 6 months  5901  35.9% 

  7 to 12 months  3710  22.6% 

  12 months to 18 months  1566  9.53% 

  19 months to 24 months  950  5.78% 

  >2 years  3588  21.8% 
   

Performance Status     

  <= 80  6194 37.7% 

  >= 90  10234 62.3 % 
   

DRI Assignment      

  Low  854  5.2%  

  Intermediate  8470  51.6% 

  High  6477  39.4% 

  Very High  626  3.8% 
   

BMI Category       

  Normal Weight (18.5 to 24.9)  8037  48.9%  

  Underweight (below 18.5)  618  3.8% 

  Overweight (25.0 to 29.9)  5387  32.8% 

  Obesity (above 29.9)  2385  14.5% 
   

HCT - Comorbidity Index      

  0  2147  13.1% 

  1~2  9827  59.8% 

  3~5  3791  27.1% 
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  >5  662  4% 

   

Treatment Period   

  2013 - 2016 5935 36.1% 

  2017 - 2020 5882 35.8% 

  2021 - 2023 4610 28.1% 

   

Source Stem Cell   

  Peripheral blood 13905 84.6% 

  Cord blood  443 2.7% 

  Bone marrow 2079 12.7% 

   

Conditioning Regimen     

  Myeloablative conditioning regimen  5657  34.4% 

  Reduced intensity conditioning  10770  65.6% 

      

Prophylaxis     

  Yes  16353  99.5%  

  No  74    0.5% 

      

Total Body Irradiation     

  Yes  13218  80.5% 

  No  3209  19.5% 

   

Preparation Regimen : Drug Used     

  Bendamustine  16421  99.9%  

  Busulfan  12147  73.9% 

  Cyclophosphamide  4823  29.4% 

  Fludarabine  13973  85.1% 

  Melphalan  627  3.8%  

  Thiotepa  3354  20.4% 

  Treosulfan  354  2.2%  
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5.2 Outcomes  

5.2.1 NRM 

For NRM prediction, the stacking model achieved the highest AUC at 0.732, significantly 

outperforming all other models. BART ranked second with an AUC of 0.618, followed by the 

decision tree model with 0.610. The remaining models had similar AUC values, ranging 

narrowly between 0.59 and 0.60 (Appendix 5). In terms of sensitivity, stacking ranked first with 

a value of 0.742, while its specificity was relatively lower, ranking fourth at 0.614. Conversely, 

logistic regression achieved the highest specificity at 0.818, but this came at the cost of the 

lowest sensitivity, which was only 0.339. A similar trade-off was observed in the Decision tree 

model, which had the second-highest specificity (0.808) but the second-lowest sensitivity 

(0.375). Regarding accuracy, Logistic regression again outperformed all other models with a 

value of 0.746, notably higher than the rest. Elastic Net ranked second with an accuracy of 

0.662, followed by stacking at 0.633. 

Figure 3: Summary SHAP value plots for NRM across six machine learning models: (a) XGBoost, (b) 

Random Forest, (c) Decision Tree, (d) Elastic Net, (e) Bayesian Classifier, and (f) BART. These plots 

illustrate the relative importance and direction of pre-transplant features across different models for 

predicting NRM.  
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Based on the results from the six SHAP-explainable models (Figure 3), age at treatment, 

Thiotepa use, and treatment date consistently ranked among the most important features. 

Notably, age at treatment was ranked as the most important feature across all six models. 

According to the beeswarm plots, older age was associated with a higher probability of NRM. 

Patients who received Thiotepa in the preparative regimen also had an increased risk of NRM. 

In contrast, more recent transplant dates were associated with a lower probability of NRM.  

Consistent with these findings, logistic regression analysis showed that, compared to patients 

aged 18–30, those aged 30–55 and over 55 had significantly higher odds of NRM (OR = 1.42 

and 2.07, respectively; p < 0.001). The use of Thiotepa was also significantly associated with 

increased NRM risk (OR = 1.62, p < 0.001). With respect to transplant year, both the 2017–

2020 (OR = 0.88, p < 0.05) and 2021–2023 (OR = 0.66, p < 0.001) periods were associated 

with significantly lower NRM compared to 2013–2016 (Figure 4). 



19 
 

Figure 4: Forest Plot for Predictors of NRM 

 

5.2.2 Rejection 

The performance of model prediction for rejection is shown in Appendix 6. The AUCs were 

similar across models, ranging narrowly from 0.658 (logistic regression) to 0.681 (BART). 

BART and random forest achieved the highest AUCs (0.681 and 0.680), followed by bagging 

classifier (0.671) and decision tree (0.662). XGB (0.660), elastic net (0.659), and logistic 

regression (0.658) showed slightly lower but comparable performance. 

Regarding sensitivity and specificity, random forest demonstrated the highest sensitivity (0.80) 

but the lowest specificity (0.49). By contrast, BART showed the highest specificity (0.80) but 

the lowest sensitivity (0.478). XGB balanced a relatively high sensitivity (0.73) with moderate 

specificity (0.56). Other models presented more balanced sensitivity and specificity values. 

The stacking model outperformed all other models, with the highest AUC (0.745) and specificity 

(0.875), though its sensitivity remained moderate (0.494). The stacking model achieved the 

highest accuracy (0.845), while all other models yielded lower values. Only the elastic net 

reached an accuracy above 0.60 (0.620), but the rest remained below this threshold. 

Based on the results from six SHAP-explainable models, we consistently observed that 

Treatment Date, HLA Matching, Performance Status, and Conditioning Regimen Type 

emerged as the most influential features in predicting rejection. Notably, Treatment Date was 

ranked as the most important feature in three out of the six models. As illustrated in the 
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beeswarm plots (Figure 5), more recent transplant dates were associated with a higher 

probability of rejection. Regarding HLA Matching, patients whose donor-recipient match was 

neither haploidentical nor 9/10 nor 10/10 exhibited a significantly higher risk of rejection. Higher 

Performance Status was linked to a lower likelihood of rejection. Additionally, patients receiving 

RIC regimens had a higher rejection risk compared to those who received myeloablative 

conditioning (MAC).  

Figure 5: Summary SHAP value plots for Rejection across six machine learning models: (a) XGBoost, (b) 

Random Forest, (c) Decision Tree, (d) Elastic Net, (e) Bayesian Classifier, and (f) BART. These plots 

illustrate the relative importance and direction of pre-transplant features across different models for 

predicting Rejection. 
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Figure 6: Forest Plot for Predictors of Rejection 

 

According to the logistic regression results (Figure 6), compared to transplants performed 

during 2013–2016, those conducted in 2017–2020 and 2021–2023 were associated with 

significantly higher odds of rejection, with ORs of 1.28 and 1.90, respectively (both p < 0.001). 

Similarly, for HLA matching, all non-sibling categories showed significantly higher odds of 

rejection compared to sibling matches, with all ORs greater than 1. Regarding conditioning 

regimen, patients receiving RIC had significantly higher odds of rejection compared to those 

receiving myeloablative conditioning MAC, with an OR of 1.54 (p < 0.001). 
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5.2.3 Relapse 

The performance of the model performances is shown in Appendix 7. The stacking model 

achieved the highest AUC (0.735). It also had the highest sensitivity (0.734) and the third-

highest specificity (0.615). XGB ranked second in AUC (0.660), with a sensitivity of 0.730 and 

a specificity of 0.559. Logistic regression, bagging classifier, elastic net, random forest and 

BART all had AUCs around 0.62, with limited variation. Logistic regression had the highest 

specificity (0.808), but its sensitivity was low (0.371). The decision tree recorded the lowest 

AUC (0.605), but maintained a relatively balanced sensitivity (0.623) and specificity (0.531). In 

contrast, accuracy rankings differed. Logistic regression and elastic net achieved the highest 

accuracies (0.725 and 0.704, respectively), while stacking ranked third (0.690). The bagging 

classifier showed the lowest accuracy (0.526). 

Based on the results from six SHAP-explainable models (Figure 7), Treatment Date, DRI, 

Conditioning Regimen Type, and Thiotepa Use were consistently identified as high-importance 

features in predicting relapse. Notably, Treatment Date ranked among the top three features 

in all six models and was considered the most important variable in four of them. 

Figure 7: Summary SHAP value plots for Relapse across six machine learning models: (a) XGB, (b) 

Random Forest, (c) Decision Tree, (d) Elastic Net, (e) Bayesian Classifier, and (f) BART. These plots 

illustrate the relative importance and direction of pre-transplant features across different models for 

predicting Relapse. 
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More recent transplant dates were associated with a lower risk of relapse. A higher DRI score 

was linked to an increased likelihood of relapse. Patients who received RIC had a higher 

probability of relapse compared to those who received MAC. Additionally, the use of Thiotepa 

in the preparative regimen was associated with a lower risk of relapse. These observations 

were in line with the logistic regression analysis results (Figure 8). Compared to transplants 

performed during 2013–2016 (reference group), those conducted in 2021–2023 were 

significantly associated with a reduced relapse risk (p < 0.001, OR < 1), while the 2017–2020 

group also showed an OR < 1, although this result was not statistically significant at the 5% 

level.  

All DRI categories had odds ratios greater than 1. However, only high-risk and very high-risk 

categories reached statistical significance at the p < 0.001 level. The intermediate-risk category 

did not show a significant association (p > 0.05). 
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Figure 8: Forest Plot for Predictors of Relapse 

 

Regarding conditioning intensity, RIC was significantly associated with increased relapse risk 

compared to MAC (OR = 1.33, p < 0.001). The use of Thiotepa was significantly associated 

with reduced relapse risk (OR = 0.69, p < 0.001). 

5.2.4 aGvHD 

For aGvHD prediction, stacking yielded the highest AUC (0.686), though the difference 

compared to other models was minimal. All models achieved AUCs above 0.60 and were 

closely clustered. Stacking was the only model to surpass 0.60 in accuracy (0.613), whereas 

XGB had the lowest performance, with an accuracy of 0.558. 

Stacking had the highest specificity (0.774), but its sensitivity was relatively low (0.504). XGB 

also showed high specificity (0.717), yet with lower sensitivity (0.451). BART displayed an 

imbalanced performance, with sensitivity of 0.700 and specificity of 0.508. In contrast, the 

remaining models exhibited more balanced sensitivity and specificity values (Appendix 8). 

Figure 9: Summary SHAP value plots for aGvHD across six machine learning models: (a) XGB, (b) 

Random Forest, (c) Decision Tree, (d) Elastic Net, (e) Bayesian Classifier, and (f) BART. These plots 

illustrate the relative importance and direction of pre-transplant features across different models for 

predicting aGvHD. 
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Based on the results from six SHAP-explainable models (Figure 9), Treatment Date, Donor 

Type, and HLA Matching consistently ranked among the most important features in predicting 

aGvHD. Notably, Treatment Date was ranked as the most important feature across all six 

models. According to the SHAP beeswarm plots, more recent transplant dates were 

associated with a higher risk of developing aGvHD. In terms of HLA Matching, patients who 

received transplants from fully matched sibling donors had a lower probability of developing 

aGvHD. Similarly, transplants from related donors were associated with a reduced risk of 

aGvHD compared to unrelated donors.  

According to the logistic regression results (Figure 10), compared to transplants performed 

during 2013–2016, only those conducted in 2021–2023 were statistically significant, with an 

odds ratio (OR) of 1.75 (p < 0.001). Although transplants from 2017–2020 also had an OR 

greater than 1, the association was not statistically significant at the 5% level. Compared to 

unrelated donors, transplants from related donors were associated with a significantly lower 

risk of aGVHD (OR = 0.62, p < 0.001). In terms of HLA matching, all donor types other than 

sibling matching had ORs greater than 1. However, while most of these associations were 

statistically significant, non-sibling matched donors were not significant at the 5% level. 

Figure 10: Forest Plot for Predictors of aGvHD 

 

5.2.5 cGvHD 

The predictive performance for cGvHD was generally unsatisfactory. Even the stacking model, 

which achieved the highest AUC and accuracy, only reached 0.563 and 0.549, respectively. 

For the other models, AUC values were clustered within a narrow range of 0.55 to 0.56, and 
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accuracy values ranged from 0.54 to 0.57. Sensitivity and specificity were similarly close 

across models, but all remained low, with none exceeding 0.7 (Appendix 9). 

Figure 11: Summary SHAP value plots for cGvHD across six machine learning models: (a) XGB, (b) 

Random Forest, (c) Decision Tree, (d) Elastic Net, (e) Bayesian Classifier, and (f) BART. These plots 

illustrate the relative importance and direction of pre-transplant features across different models for 

predicting cGvHD. 
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Based on the results from the six SHAP-explainable models (Figure 11), Thiotepa Used, 

Treatment Date, CMV Match, Performance Status, and HLA Match consistently ranked among 

the most important features. Notably, Thiotepa Use was ranked among the top three features 

across all models and was identified as the most important feature in four out of six models. 

The use of Thiotepa was associated with a lower probability of developing cGvHD. Similarly, 

patients with higher Performance Status scores were also less likely to develop cGvHD. 

Regarding CMV matching, patients with any mismatch (i.e., other than negative-to-negative) 

showed a higher likelihood of cGvHD. Nortably, the impact of Treatment Date showed a non-

linear trend: patients who underwent transplantation during 2013–2016 had the highest 

probability of developing cGvHD, those transplanted in 2017–2020 had the lowest, while those 

in the 2021–2023 period showed an intermediate probability. Compared with sibling match, 

other HLA matching categories are associated with lower probability of developing cGvHD.  

According to the logistic regression results (Figure 12), with respect to transplant year, both 

the 2017–2020 and 2021–2023 periods had ORs less than 1 when compared to 2013–2016. 

However, only 2017–2020 reached statistical significance (OR = 0.04, p < 0.001), while 2021–

2023 was not significant at the 5% level. Patients with a Performance Status of 90 or 100 had 

a significantly lower risk of developing cGvHD compared to those with a score of 80 or below 

(OR = 0.04, p < 0.01). The use of Thiotepa was associated with a substantially reduced risk of 

cGvHD (OR = 0.05, p < 0.001). Regarding CMV matching, mismatched pairs showed a 

significantly increased risk compared to matched negative-to-negative pairs (OR = 0.05, p < 

0.001). Among the HLA mismatch categories, only the "other mismatch" group showed a 

statistically significant association (OR = 0.85, p < 0.001).  
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Figure 12: Forest Plot for Predictors of cGvHD 

 

6. Discussion 

In the present study, we developed seven machine learning models—including one stacking 

model using the others as base learners—to predict the one-year probabilities of NRM, relapse, 

rejection, aGvHD, and cGvHD following Allo-HSCT. SHAP was employed to investigate the 

impact of individual features on these outcomes. 

We identified the important features shared by the six SHAP-explainable algorithms and 

compared them with the findings from logistic regression. All of the most commonly ranked 

features by SHAP were statistically significant in logistic regression at least at the 5% level. It 

is noteworthy that for patients who had received at least two pre-transplant 

immunosuppressive treatments, the logistic regression model produced high odds ratios. 

However, the SHAP values for this feature remained very low in all models except the Elastic 

Net. This discrepancy may result from the fact that logistic regression tends to yield extreme 

OR estimates for rare but highly associated variables. In contrast, tree-based models employ 

built-in regularization, which often prevents rare features from being selected for splits [71, 72]. 

The Bayesian classifier implemented the Laplace smoothing, which is more tolerant with the 

outliers [73]. 

For the rejection outcome, a more recent transplant period and the use of RIC were identified 

as risk factors across both SHAP and logistic regression models. In contrast, sibling donors 

with 10/10 HLA matching were found to be protective. Notably, HLA matching showed an 

ordinal pattern: compared to sibling match, the odds of rejection increased progressively for 

non-sibling match, 9/10 mismatch, haploidentical mismatch, and other mismatches, with all 
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comparisons being statistically significant. Regarding relapse, higher DRI and the use of RIC 

were associated with increased relapse risk, while more recent transplant dates and the use 

of Thiotepa in the preparative regimen were also identified as risk factors. These findings were 

consistent across SHAP interpretations and regression estimates. For aGvHD, more recent 

transplant dates were a prominent risk factor, while having a related donor and a sibling HLA 

match appeared to be protective. In the case of chronic cGvHD, transplant in more recent 

years, use of Thiotepa, and higher performance status were protective factors. Conversely, 

CMV matching that was not negative-to-negative increased the risk of cGvHD. For NRM, the 

use of Thiotepa and older age at transplant were associated with higher risk, while more recent 

transplant periods were protective. Both transplant year and age at treatment demonstrated 

clear ordinal patterns. 

In the analysis of different features across the five outcomes, Treatment Date consistently 

emerged as a key predictor. However, its associations with outcomes varied: more recent 

transplant date were associated with higher risks of rejection and aGvHD, but lower risks of 

relapse, cGvHD, and NRM. The use of Thiotepa in the preparative regimen was associated 

with lower probabilities of relapse and cGvHD, yet a higher risk of NRM. Patients with higher 

performance status were less likely to experience rejection and cGvHD. Notably, when 

comparing predictors for aGvHD and cGvHD, we observed that the same feature could have 

opposing effects on these two outcomes. For instance, more recent transplant years were 

associated with increased risk of aGvHD, but decreased risk of cGvHD. Similarly, sibling HLA 

matching appeared protective against aGvHD, but was paradoxically associated with a higher 

risk of cGvHD. 

In evaluating model performance, this study primarily relied on AUC and accuracy as key 

metrics. Notably, accuracy was calculated after dichotomizing predicted probabilities using the 

Youden index, rather than applying a default cutoff of 0.5. This approach was taken to avoid 

inflated accuracy values that merely reflect the No Information Rate, a common issue when 

outcomes are imbalanced [74]. For outcomes including relapse, rejection, and NRM, the event 

was absent in the majority of samples. 

In terms of accuracy, the stacking model also performed well, ranking highest for cGvHD, 

aGvHD, and especially for rejection, where its accuracy (0.845) significantly outperformed the 

second-best algorithm (0.620). However, for NRM, logistic regression achieved the highest 

accuracy, and for relapse, the best accuracy was obtained by the elastic net model. 

For NRM, the stacking model demonstrated relatively balanced performance, with a specificity 

of 0.614 and sensitivity of 0.742. Similarly, for relapse, the model achieved a balanced 



31 
 

specificity (0.615) and sensitivity (0.734). In contrast, for aGvHD, stacking showed high 

specificity (0.774) but low sensitivity (0.504), suggesting the model is more effective at 

identifying patients unlikely to develop aGvHD, but may miss nearly half of true cases. A similar 

pattern was observed for rejection, where stacking achieved a high specificity of 0.875 but low 

sensitivity of 0.494. This indicates the model is well-suited for identifying "low-risk" patients, 

but may fail to detect a substantial proportion of those truly at high risk. Therefore, the model 

may be more appropriate as a rule-out tool. If the model predicts no rejection, the result is likely 

reliable. However, due to the low sensitivity, supplementary methods with higher sensitivity 

may be necessary to avoid under-diagnosing high-risk patients. For cGvHD, the stacking 

model demonstrated low sensitivity (0.513) and only moderate specificity (0.680). Given the 

relatively low AUC of 0.630 for cGvHD prediction, the model’s overall discriminative ability is 

limited. Therefore, it is not recommended to use this model for clinical decision-making in this 

context. 

7. Conclusion and Perspectives 

In this study, eight machine learning algorithms were employed to evaluate the predictive 

performance for five major post-transplant outcomes—NRM, relapse, rejection, aGvHD, and 

cGvHD—within the first year after Allo-HSCT in patients with malignant diseases. SHAP was 

applied to enhance the interpretability of the models by quantifying the impact of individual 

clinical features. The stacking model consistently achieved robust performance.  

However, to enhance the clinical applicability of the models, it is important to consider several 

limitations and potential directions for future research. Overall, the models demonstrated 

promising predictive potential across most outcomes, with the exception of cGvHD. One 

possible explanation is that cGvHD typically develops 3 to 6 months after transplantation. 

Therefore, relying solely on pre-transplant information may not be sufficient to accurately 

predict the occurrence of cGvHD. Future research should consider incorporating variables 

collected within the first 100 days post-transplant, such as chimerism status, infection, and 

post-transplant immunosuppressive treatment details. Analytical approaches such as the Cox 

proportional hazards model is appropriate. Alternatively, we could restrict the study population 

to patients who survive beyond 100 days and examine their risk of adverse outcomes over the 

subsequent nine months. 

Additionally, this study did not include information about the treatment center. However, 

differences in treatment practices across centers may influence outcomes. For example, some 

centers may prioritize reducing mortality, while others may focus on minimizing the risk of 
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cGvHD. Patient selection criteria may also vary, potentially introducing bias if certain centers 

preferentially transplant patients with less severe disease. 

Furthermore, this study included all patients with malignant hematologic diseases and used 

the DRI as a proxy for specific diagnoses. While this approach increases the generalizability 

of the findings, it may limit disease-specific insights, as DRI is a relatively broad indicator. 

Future work could perform subgroup analyses to identify risk factors specific to different 

diagnostic categories. 
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9. Appendices 

Appendix 1: Search Commands for the Studies Retrieval 

 

Database 

 

Search Commands 

PUBMED  (allogeneic hematopoietic stem cell transplantation OR GvHD OR acute GvHD 

OR aGvHD OR allogeneic HCT OR Hematopoietic Cell Transplantation OR 

umbilical cord blood transplantation OR allogeneic Bone marrow transplant OR 

allogeneic Hematopoietic cell transplant OR allogeneic Hematopoietic stem cell 

transplantation OR Graft-versus-host disease) AND (Relapse OR rejection OR 

Mortality) AND (Machine learning OR Artificial Intelligence)  

SCOPUS   ( allogeneic AND hsct OR GvHD OR acute AND GvHD OR aGvHD OR 

allogeneic AND hct OR hematopoietic AND cell AND transplantation OR 

allogeneic AND bone AND marrow AND transplant OR allogeneic AND 

hematopoietic AND cell AND transplant OR allogeneic AND hematopoietic AND 

stem AND cell AND transplantation OR graft-versus-host AND disease ) AND 

( relapse OR rejection OR survival OR death OR mortality) AND ( machine AND 

learning OR artificial AND intelligence ) AND ( LIMIT-TO ( EXACTKEYWORD , 

"Human" ) OR LIMIT-TO ( EXACTKEYWORD , "Humans" ) OR LIMIT-TO 

( EXACTKEYWORD , "Artificial Intelligence" ) OR LIMIT-TO 

( EXACTKEYWORD , "Hematopoietic Stem Cell Transplantation" ) OR LIMIT-

TO ( EXACTKEYWORD , "Allogeneic Hematopoietic Stem Cell 

Transplantation" ) OR LIMIT-TO ( EXACTKEYWORD , " Bone Marrow 

Transplant" ) ) AND ( LIMIT-TO ( DOCTYPE , "ar" ) ) AND ( LIMIT-TO 

( PUBSTAGE , "final" ) ) AND ( LIMIT-TO ( LANGUAGE , "English" ) )  

IEEE 

Xplore 

 ("All Metadata":allogeneic HSCT) OR ("All Metadata":GvHD) OR ("All 

Metadata":acute GvHD) OR ("All Metadata": aGvHD) OR ("All 

Metadata":allogeneic HCT) OR ("All Metadata": Hematopoietic Cell 

Transplantation) OR ("All Metadata":allogeneic Bone marrow transplant) OR 

("All Metadata":allogeneic Hematopoietic cell transplant) OR ("All 

Metadata":allogeneic Hematopoietic stem cell transplantation) OR ("All 

Metadata":Graft-versus-host disease) AND ("All Metadata":Machine learning)  
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Appendix 2. Summary of Reviewed Studies Information  

Reference Outcomes Participants Age Features 

von Asmuth et 

al., 2023 [38] 

1-year, 2-years and 5-

years overall survival 
 

10888 (01-10) Diagnosis, Donor Type, Performance 

Score, Age Patient, CMV Matching, 

Conditioning Agent, Stem Cell Source, 

HLA Mismatches, Donor Sex, 

Serotherapy, Patient Sex, 

Myeloablative Conditioning, Age 

Donor, Irradiation 

Wang et al., 2023 

[39] 

Early mortality 230 (01-14) Demographics, Sex, Female, Male, 

Weight, Height, BMI, Disease, CGD, 

SCID, VEO-IBD, Other IEI, Age at 

onset, Age at diagnosis, Age at UCBT, 

Onset to diagnosis, Diagnosis to 

UCBT, Medical history, Sepsis, 

Pneumonia, Pulmonary fungal 

infection, Severe pneumonia, Intestinal 

infection, Urinary tract infection, CNS 

infection, SSTI, CMV infection, EBV 

infection, BCG disease, Liver 

dysfunction, Laboratory tests, Albumin, 

ALT, Total bilirubin, IgA, IgG, IgM, IgE, 

CD19 count, CD19 ratio, CD3 count, 

CD3 ratio, CD4 count, CD4 ratio, CD8 

count, CD8 ratio, CD56 count, CD56 

ratio, elevated CRP, elevated PCT, IL-

6 

Afanaseva et al., 

2023 [40] 

Relapse 74 (18-44) Highest Preceding BCR-ABL1, 

BCR::ABL1 Expression Level at 

Prediction Moment, Current BCR-

ABL1, Chronic GVHD Presence, TKL2, 

TKL1 

Qu et al., 2025 

[41] 

Overall survival 1153 (18-76) Age at BMT, Mismatch, Donor Age, 

ATG Dose, Diagnosis ALL, KPS, 

Cytogenetics Risk, -5, -7, -17 

Cytogenetics Abnormality, CMV D-R+, 

Days Dx to Tx, HCT CI, ABO 

Compatibility, RIC MAC, CD34 Dose, 

DRI 

Shourabizadeh 

et al., 2024 [42] 

100-days survival 2697 (12-74) Donor relationship, TBI dose, Recipient 

age, CP1, Baseline HGB, FEV1%, 

Time between diagnosis to transplant, 

Total graft MNC count, Donor type - 

mismatch, GVHD prophylaxis - CSA, 

CR1, ALL, Other lymphoma, Graft-

PBSC, Baseline WBC, Total graft MNC 



40 
 

concentration, DLCO corrected for Hb, 

Baseline AST 

Lee et al., 2022 

[43] 

VOD/SOS, 100-days 

survival 

2572 (18-74) TBI dose, Busulfan dose, Conditioning 

intensity, VOD prophylaxis, 

Immunosuppressants, Stem cell 

source 

Jo et al., 2024 

[44] 

Relapse 109 (01-22) Recipient age, Sex, Graft, HLA match, 

GVHD prophylaxis, Whole bone 

marrow chimerism, Whole peripheral 

blood chimerism, Remission status 

prior to transplant, Peripheral blood 

CD3 chimerism, TBI, Bone marrow 

CD15 chimerism, Bone marrow CD3 

chimerism, Peripheral blood CD15 

chimerism, Bone marrow CD34 

chimerism, Peripheral blood CD34 

chimerism 

Alawneh & 

Hasasneh, 2024 

[45] 

Mortality 187 Children Survival time, PLT recovery, Relapse, 

CD3 dose, CD34 dose, ANC recovery, 

Recipient age, CD3/CD34, Donor age, 

Disease lymphoma, Time to acute 

GvHD III IV, Donor ABO AB, Recipient 

CMV, Treatment post relapse, CMV 

status, Recipient RH plus, Stem cell 

source, Risk group, CMV status, 

Chronic, Extensive chronic GvHD, HLA 

group  

Ratul et al., 2022 

[46] 

Overall survival 187 Children Recipients Age, Recipient Body Mass, 

CD34 dose, CD3 dose, CD3/CD34, 

ANC Recovery, PLT Recovery, Time 

To Acute GvHD III IV, Survival Time, 

Disease Lymphoma, Relapse, Survival 

Status 

Chadaga et al., 

2023 [47] 

Overall survival 187 Children Recipient Gender, Stem cell source, 

Donor age, Donorage35, AGVHD IIIV, 

Gender Match, Donor ABO, Recipent 

ABO, Recipient Rh, ABO match, CMV 

Status, Donor CMV, Recipient CMV, 

Disease, Risk group, Txpostrelapse, 

Disease group, HLA match, Antigen, 

Allel, HLA, Recipient age, Recipient 

age below 10, Recipient age, Relapse, 

aGvHDIIIIV, extcGvHD, CD34 dose, 

CD3/CD34, CD3 dose, Rbodymass, 

ANCrecovery, PLTrecovery, Time to 

aGvHD III IV, Survival time, Survival 

status 

Short et al., 2024 

[48] 

Relapse 60 (21-72) All kinds of antibodies (e.g., CD4, 

CD19, etc.) 
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Marvin & Alam, 

2022 [49] 

Overall survival 187 Children Survival time, Relapse, Risk group, 

CD34 dose, ANC recovery, Recipient 

age, Recipient CMV, Extensive chronic 

GVHD, Recipient ABO, Donor age, 

Antigen, Recipient Gender, Donor 

CMV, HLA Matching, Recipient BMI 

Rifat et al., 2023 

[50] 

Overall survival 187 Children extcGVHD, aGVHDIIIIV, 

Txpostrelapse, RecipientRH, 

Stemcellsource, Riskgroup, Relapse, 

Recipientgender, Recipientageit, IIIV, 

Recipientage10, CD34kgx10d6, 

CD3dCD34, CD3dkgx10d8, 

Rbodymass, ANCrecovery, 

PLTrecovery, Recipientage, survival tie 

Hossain et al., 

2022 [51] 

Relapse, GVHD 187 Children CD34 dose, CD3 dose, HLA match, 

HLA group, Allel, Stem cell source, 

Disease, ABO match, Risk group, 

Recipient CMV, Donor CMV, txpost 

relapse, Donor age below 35, Recipient 

gender, Gender match, Recipient rh, 

Plt recovery, Recipient age below 10, 

Recipient BMI  

Gourisaria et al., 

2023 [52] 

Overall survival 187 Children Only known they selected 11 features 

out of the following variables (Donor 

age below 35, Donor ABO, Donor 

CMV, Recipient age, Recipient gender, 

Recipient ABO, Recipient rh, Recipient 

CMB, Disease, HLA match, Risk group, 

Stem cell source, txpost relapse, CD3 

dose, CD34 dose, CD3/CD34, ANC 

recovery, PLT recovery, extensive 

chronic GVHD, Relapse, Survival time, 

Survival status) 

Afanaseva et al., 

2023 [53] 

Overall survival 4652 (16-70) Patient age, Patient sex, Performance 

status, CMV antibody, Active bacterial 

or fungal infection at HSCT, Phenotype 

of disease (B-cell, T-cell), Philadelphia 

chromosome, Refined Disease Risk 

Index, Time between diagnosis to 

HSCT, Donor sex, Sex mismatch 

between donor and patient, ABO blood 

type mismatch, HLA mismatch, Graft 

source, Prophylaxis, Transplantation 

year 

Spellman et al., 

2024 [54] 

3-years overall 

survival and Event 

(cGvHD, Relapse and 

Rejection) -free 

survival 

11818 (01-82) Recipient Age, Recipient Sex, 

Recipient Race, Recipient Ethnicity, 

Donor Age, Donor Parity, Sex 

Matching, CMV Serostatus, DQB1 

Match, DPB1 Match or Permissive 

Mismatch, Graft Type, Karnofsky 
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Score, Disease, Disease Stage, 

Conditioning Regimen, GVHD 

Prophylaxis, HCT-Comorbidity Index, 

Time from Diagnosis to HCT, 

Transplant Year 

Choi et al., 2022 

[55] 

Overall survival, 

Relapse, and 

Relapse-free survival 

1470 (15-75) Diagnosis and disease, Disease risk, 

WBC count at diagnosis, 

Extramedullary disease at diagnosis, 

Extramedullary disease at HCT, 

Karyotype at diagnosis, Karyotype at 

HCT, CMV serostatus of recipient, 

CMV serostatus of donor, Hepatic 

score of HCT-CI, Total score of HCT-

CI, Conditioning regimen, Donor type, 

Recipient HLA type, Donor HLA type, 

RBC transfusion before HCT, Platelet 

transfusion before HCT 

Okamura et al., 

2021 [56] 

1-year overall 

survival, progression-

free survival, 

relapse/progression, 

relapse-free survival 

363 (17-69) Recipients’ age, Refined Disease Risk 

Index, Hematopoietic Cell 

Transplantation Comorbidity Index, 

Performance status, Donor source, 

HLA compatibility, Conditioning 

intensity, Number of allogeneic 

hematopoietic cell transplantations 

Iwasaki et al., 

2021 [57] 

GVHD and Relapse-

free survival 

2207 All age groups Donor Relation, Donor source, Donor 

type, Sex, Age, Sex mismatch, 

Diagnosis, Disease stage, DRI, HCT-

CI, Performance Status 

Echecopar et al., 

2024 [58] 

1-year overall 

survival, 

201 Children Disease Status, HLA Compatibility, 

Year Of HSCT, Age At HSCT, 

Conditioning Regimen, Time between 

diagnosis and HSCT, Diagnosis 

McCurd et al., 

2022 [59] 

Overall survival 145 (22-64) NK cell recovery, Pre-transplant status, 

ST2, Naive CD4, TNFR1, Graft CD3, 

CXCL9, Reg3a, BMT year, 

Plasmablast 

Mussetti et al., 

2023 [60] 

Overall survival and 

Non-relapse survival 

33927 (18-80) Patient's age, Patient's sex, Karnofsky 

score, presence of significant 

comorbidities, Total number of 

comorbidities, Patient's CMV 

serostatus, Donor's sex, Donor's CMV 

serostatus, Donor type, Graft type, 

Conditioning intensity, GVHD 

prophylaxis, Disease risk index, Type 

of disease, Disease status at transplant 
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Appendix 3: Summary of Missing Data  

Features Count Percentage 

Recipient Gender 1 0.01% 

Donor Gender 115 2.53% 

CMV Status Donor 88 0.52% 

CMV Status Patient 96 0.54% 

Donor Type 8 0.05% 

Source Stem Cells 9 0.05% 

Prophylaxis 12 0.07% 

TBI 33 0.20% 

IMMISTepisode 14 0.09% 

HCICI 16 0.01% 

DRI 680 4.14% 

Performance Status 1263 7.69% 

HLA Matching 59 0.36% 
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Appendix 4: The Hyperparameters Summary for XGB, Random Forest, Elastic Net, Decision Tree, and 

BART 

 NRM Relapse Rejection aGvHD cGvHD 

XGB 

{‘eval_metric’: 

AUC, 

‘max_depth’: 6, 

‘eta’: 0. 3, 

‘nfold’: 10, 

‘best_nrounds’: 

13 } 

{‘eval_metric’: 

AUC, 

‘max_depth’: 6, 

‘eta’: 0. 3, 

‘nfold’: 10, 

‘best_nrounds’: 

14 } 

{‘eval_metric’: 

AUC, 

‘max_depth’: 6, 

‘eta’: 0. 3, 

‘nfold’: 10, 

‘best_nrounds’: 

16} 

{‘eval_metric’: 

AUC, 

‘max_depth’: 6, 

‘eta’: 0. 3, 

‘nfold’: 10, 

‘best_nrounds’: 

15 } 

{‘eval_metric’: 

AUC, 

‘max_depth’: 6, 

‘eta’: 0. 3, 

‘nfold’: 10, 

‘best_nrounds’: 

13 } 

Random 

Forest 

{‘eval_metric’: 

AUC, 

 ‘mtry’: 5, 

‘min.node.size’: 

38, 

‘sample.fraction’: 

0.24 , 

‘Iters’:30 

‘iters.warmup’:70 

‘num.trees’: 

1000} 

{‘eval_metric’: 

AUC, 

 ‘mtry’: 10, 

‘min.node.size’: 

338, 

‘sample.fraction’: 

0.51, 

‘Iters’:30 

‘iters.warmup’:70 

‘num.trees’: 

1000} 

{‘eval_metric’: 

AUC,  

‘mtry’: 6, 

‘min.node.size’: 

24 

‘sample.fraction’: 

0.24, 

‘Iters’:30 

‘iters.warmup’:70 

‘num.trees’: 

1000} 

{‘eval_metric’: 

AUC,  

‘mtry’: 9, 

‘min.node.size’: 

274 

‘sample.fraction’: 

0.43, 

‘Iters’:30 

‘iters.warmup’:70 

‘num.trees’: 

1000} 

{‘eval_metric’: 

AUC,  

‘mtry’: 7, 

‘min.node.size’: 

173 

‘sample.fraction’: 

0.56, 

‘Iters’:30 

‘iters.warmup’:70 

‘num.trees’: 

1000} 

Elastic 

net 

{‘lambda.min’: 0.0

01, 

‘nfold’: 10  

} 

{‘lambda.min’: 

0.0008, 

‘nfold’: 10  

} 

{‘lambda.min’: 

0.002, 

‘nfold’: 10  

} 

{‘lambda.min’: 

0.002, 

‘nfold’: 10  

} 

{‘lambda.min’: 

0.005, 

‘nfold’: 10  

} 

Decision 

tree 

{‘minsplit’: 120, 

‘cp’: 0.001, 

‘nfold’: 10  

} 

{‘minsplit’: 10, 

‘cp’: 0.001, 

‘nfold’: 10  

} 

{‘minsplit’: 30, 

‘cp’: 0.001, 

‘nfold’: 10  

} 

{‘minsplit’: 210, 

‘cp’: 0.001, 

‘nfold’: 10  

} 

{‘minsplit’: 100, 

‘cp’: 0.001, 

‘nfold’: 10  

} 
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BART 

{‘ntree’: 300, 

‘k’: 2, 

‘nskip’: 500, 

‘ndpost’: 2, 

‘nfold’: 10  

} 

{‘ntree’: 300, 

‘k’: 3, 

‘nskip’: 500, 

‘ndpost’: 2, 

‘nfold’: 10  

} 

{‘ntree’: 300, 

‘k’: 3, 

‘nskip’: 500, 

‘ndpost’: 2, 

‘nfold’: 10  

} 

{‘ntree’: 200, 

‘k’: 2, 

‘nskip’: 500, 

‘ndpost’: 2, 

‘nfold’: 10  

} 

{‘ntree’: 100, 

‘k’: 3, 

‘nskip’: 500, 

‘ndpost’: 2, 

‘nfold’: 10  

} 
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Appendix 5: The Performance of Model Prediction for NRM 

 AUC Accuracy Sensitivity Specificity 

XGB 0.607 0.595 0.561 0.601 

Random forest 0.608 0.593 0.580 0.596 

Decision tree 0.610 0.440 0.375 0.808 

Elastic net 0.608 0.662 0.698 0.458 

Logistic regression 0.607 0.746 0.339 0.818 

Bayesian classifier 0.593 0.434 0.376 0.767 

BART 0.618 0.541 0.517 0.675 

Stacking 0.732 0.633 0.742 0.614 

 

Appendix 6: The Performance of Model Prediction for Rejection 

 AUC Accuracy Sensitivity Specificity 

XGB 0.660 0.573 0.730 0.559 

RF 0.680 0.51 0.80 0.49 

Decision tree 0.662 0.538 0.520 0.746 

Elastic net 0.659 0.620 0.620 0.617 

Logistic regression 0.658 0.585 0.663 0.578 

Bayesian classifier 0.671 0.599 0.593 0.663 

BART 0.681 0.503 0.478 0.798 

Stacking 0.745 0.845 0.494 0.875 
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Appendix 7: The Performance of Model Prediction for Relapse 

 AUC Accuracy Sensitivity Specificity 

XGB 0.660 0.573 0.730 0.559 

RF 0.627 0.554 0.659 0.529 

Decision tree 0.605 0.606 0.623 0.531 

Elastic net 0.620 0.704 0.774 0.405 

Logistic regression 0.623 0.725 0.371 0.808 

Bayesian classifier 0.622 0.526 0.490 0.682 

BART 0.626 0.653 0.687 0.508 

Stacking 0.735 0.638 0.734 0.615 

 

 

Appendix 8: The Performance of Model Prediction for aGvHD 

 AUC Accuracy Sensitivity Specificity 

XGB 0.616 0.558 0.451 0.717 

RF 0.628 0.592 0.592 0.594 

Decision tree 0.603 0.593 0.566 0.611 

Elastic net 0.625 0.594 0.615 0.580 

Logistic regression 0.625 0.596 0.583 0.617 

Bayesian classifier 0.612 0.573 0.628 0.537 

BART 0.634 0.585 0.700 0.508 

Stacking 0.700 0.613 0.504 0.774 
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Appendix 9: The Performance of Model Prediction for cGvHD 

 AUC Accuracy Sensitivity Specificity 

XGB 0.561 0.555 0.567 0.549 

RF 0.562 0.565 0.478 0.620 

Decision tree 0.556 0.568 0.636 0.460 

Elastic net 0.566 0.562 0.599 0.506 

Logistic regression 0.567 0.558 0.554 0.560 

Bayesian classifier 0.567 0.579 0.660 0.451 

BART 0.563 0.549 0.520 0.594 

Stacking 0.630 0.615 0.513 0.680 
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Abstract in French 
 

Contexte : La greffe de cellules souches hématopoïétiques allogéniques (Allo-HSCT) est un 

traitement curatif des hémopathies malignes. Cependant, les patients restent exposés à des 

complications graves, notamment la mortalité non liée à une rechute (NRM), la rechute, le rejet, 

la maladie aiguë du greffon contre l’hôte (aGvHD) et la maladie chronique du greffon contre 

l’hôte (cGvHD). Une prédiction précoce et précise de ces issues peut soutenir la prise de 

décision clinique et améliorer le pronostic à long terme. Cette étude utilise les données pré-

greffe de 16 427 patients atteints de maladies malignes, enregistrées dans le registre de la 

Société européenne de transplantation de moelle et de sang (EBMT) entre 2013 et 2023. 

 

Objectifs : Cette étude vise à utiliser des algorithmes d’apprentissage automatique pour 

prédire la probabilité de NRM, rejet, rechute, aGvHD et cGvHD chez les patients dans l’année 

suivant une Allo-HSCT. 

 

Méthodes : Nous avons développé et évalué huit algorithmes d’apprentissage automatique, 

dont la régression logistique, la forêt aléatoire, XGBoost (XGB), l’arbre de décision, l’elastic 

net, le classificateur bayésien, les arbres de régression additifs bayésiens (BART) et un 

modèle d’ensemble (stacking). Les données cliniques de patients ayant reçu une Allo-HSCT 

pour des maladies malignes ont été utilisées. Les performances des modèles ont été évaluées 

à l’aide de l’Aire sous la courbe (AUC) et de la précision. L’explication additive de Shapley 

(SHAP) a été utilisée pour interpréter l’impact des variables individuelles. 

 

Résultats : Le modèle d’ensemble (stacking) a obtenu la meilleure AUC pour tous les résultats, 

avec les meilleures performances pour le rejet (0,745), suivi de la rechute (0,735), de la NRM 

(0,732), de l’aGvHD (0,700) et de la cGvHD (0,630). En termes de précision, le stacking s’est 

également classé premier pour la cGvHD (0,615), l’aGvHD (0,613) et le rejet (0,845), tandis 

que les modèles les plus performants pour la rechute et la NRM étaient respectivement l’elastic 

net (0,704) et la régression logistique (0,746). Pour le rejet, les variables les plus influentes 

étaient la date de traitement, la compatibilité HLA, l’état fonctionnel et le conditionnement. Pour 

la rechute, la date de traitement, l’indice de risque des maladies (DRI), le conditionnement et 

l’utilisation de la thiotépa étaient les plus importants. Pour l’aGvHD, la date de traitement, le 

type de donneur et la compatibilité HLA étaient les facteurs les plus déterminants. Pour la 

cGvHD, les variables clés comprenaient la date de traitement, l’état fonctionnel, l’utilisation de 

la thiotépa, la correspondance CMV et la compatibilité HLA. Pour la NRM, l’âge au moment 

du traitement, l’utilisation de la thiotépa et la date de traitement figuraient systématiquement 

parmi les variables les plus influentes. 

 

Conclusion : Le modèle stacking a démontré les meilleures performances globales. Parmi 

les cinq issues étudiées, la date de traitement s’est révélée être la variable la plus importante 

de manière constante. L’apprentissage automatique montre un fort potentiel en tant qu’outil 

d’aide à la décision clinique. 

 

MOTS-CLÉS : Allo-HSCT, Adulte, Maladies malignes, Apprentissage automatique, Prédiction 

des événements indésirables 


