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ÖZET 

 
Makine Öğrenmesi Kullanılarak Allojenik Hematopoetik Kök Hücre Nakli Yapılan 

Hastalarda Sağkalım ve Graft Versus Host Hastalığı Tahmini 

 

Allojeneik hematopoetik kök hücre nakli (HKHN), çeşitli hematolojik kanserler için potansiyel şifa 

sağlayıcı kritik bir tedavi seçeneğidir. Bununla birlikte HKHN, hasta yönetimini zorlaştıran ve 

sağkalımı etkileyen greft-versus-host hastalığı (GVHD), enfeksiyonlar ve nüks gibi önemli riskler taşır. 

Yapay zeka alanındaki gelişmelerle birlikte, makine öğrenmesi tıpta etkili bir araç olarak ortaya 

çıkmıştır. Makine öğrenmesi son zamanlarda, klinik sonuçların tahmin edilmesinde ve karar verme 

süreçlerine yardımcı olması amacıyla kullanılmaktadır. Bu çalışmada, hastanın sağkalımı, akut 

GVHD'nin ortaya çıkması, şiddeti ve kronik GVHD gelişimi dahil olmak üzere HKHN sonrası kritik 

sonuçların tahmin edilmesi için hasta verilerinin kullanılarak makine öğrenmesi modellerinin 

oluşturulması amaçlanmıştır. 

 

Bu çalışmada, Ankara Üniversitesi Tıp Fakültesi'nden 1988-2023 yılları arasında 1.313 hastayı 

kapsayan retrospektif bir veri seti kullanılmıştır. Çalışmaya allojenik HKHN yapılmış yetişkin hastalar 

dahil edilmiş, solid organ nakli, otolog HKHN yapılan veya GVHD ve sağkalım durumu gibi temel 

sonuçları eksik olan hastalar hariç tutulmuştur. Veriler titizlikle ön işleme tabi tutulmuş, sağkalım, akut 

GVHD varlığı ve şiddeti ile kronik GVHD dahil olmak üzere nakil sonrası sonuçları tahmin etmek için 

az miktarda kod ile çalışan bir makine öğrenmesi kütüphanesi olan PyCaret kullanılarak makine 

öğrenmesi modelleri geliştirilmiştir. Çeşitli algoritmalar değerlendirilmiş ve performans için optimize 

edilmiş, her bir özelliğin tahminlere katkısını göstermek için shapley eklemeli açıklamalar analizi ile 

modeller yorumlanmıştır. Ayrıca, tahmini sonuçların kullanıcılara kolayca sunulabilmesi için 

geliştirilen modeller bir web tabanlı uygulamaya entegre edilmiştir. 

 

CatBoost modeli, allojenik HKHN'nin ardından sağkalım ve akut GVHD'nin ortaya çıkması çıktıları 

için güçlü bir tahmin performansı sergilemiştir. Sağkalım tahmini için model %76,82'lik bir doğruluk 

ve 0,82'lik bir AUC değeri elde etmiştir. Sağkalım tahminin temel pozitif öngördürücüleri arasında 

pozitif engraftman ve siklosporin A + metotreksat ile GVHD profilaksisi yer alırken, yüksek nüks 

sayıları ve şiddetli akut GVHD sağkalımı olumsuz etkilemiştir. Akut GVHD'yi tahmin modeli %64,71 

doğruluğa ve 0,68’lik bir AUC değerine sahip olup, CMV enfeksiyonu ana öngördürücü olarak ortaya 

çıkmıştır. Akut GVHD şiddetini tahmin etmek için oluşturulan Rastgele Orman modeli %71,93 

doğruluğa ve 0,78’lük bir AUC değerine ulaşmış, uyumsuz lokus sayısı ve tüm vücut ışınlaması gibi 

faktörler daha şiddetli GVHD ile ilişkilendirilmiştir. Son olarak, kronik GVHD tahmin modeli %78,30 

doğruluğa ve 0,75’lük bir AUC değerine ulaşmış, akut GVHD varlığı ve miyeloablatif hazırlık rejimi 

tedavileri güçlü öngördürücüler olurken, defibrotid profilaksisi ve düşük yoğunluklu hazırlık rejimi 

tedavisi daha düşük kronik GVHD riski ile ilişkilendirilmiştir. 

 

Bu çalışmada geliştirilen makine öğrenimi modelleri, klinik karar vermede değerli araçlar olarak 

potansiyellerini güçlü tahmin performansları ile göstermiştir. Geliştirilen web tabanlı uygulama, 

modellerin potansiyel olarak klinik karar destek sürecine entegre edilebileceğini göstermektedir. 

Bununla birlikte, modellerin genellenebilirliklerini ve güvenilirliklerini artırmak için, dış doğrulama ve 

daha büyük, daha çeşitli veri kümelerinin kullanılması gerekmektedir. 

 

Anahtar Kelimeler: graft versus host hastalığı, hematopoietik kök hücre nakli, makine öğrenmesi, 

sağkalım  
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SUMMARY 
 

Prediction of Survival and Graft Versus Host Disease in Allogeneic Hematopoietic Stem 

Cell Transplant Patients Using Machine Learning 

 

Allogeneic hematopoietic stem cell transplantation (HSCT) is an essential therapeutic approach for 

diverse hematologic cancers, providing a chance for a cure. However, this procedure is linked to 

substantial adverse events, such as graft-versus-host disease (GVHD), relapse, and infections, that 

complicate patient management, as well as impact survival. With advances in artificial intelligence, 

machine learning (ML) has demonstrated significant potential as a valuable tool in medicine, enabling 

the prediction of clinical outcomes and aiding in decision-making. This study aimed to build machine 

learning models utilizing our patient data to predict critical post-transplant outcomes, including 

survival, the onset and severity of acute GVHD, and the occurrence of chronic GVHD. 

 

This study employed a retrospective dataset of 1,313 patients from the Ankara University Faculty of 

Medicine, spanning 1988 to 2023. We included adult allogeneic HSCT recipients, excluding patients 

who had undergone solid organ transplantation, autologous HSCT, or for whom data on key outcomes 

such as GVHD and survival status were unavailable. Data were meticulously preprocessed, and ML 

models were developed utilizing PyCaret, a low-code ML library to predict post-transplant outcomes, 

including survival, acute GVHD presence and severity, and chronic GVHD. Various algorithms were 

evaluated and optimized for performance, with model interpretability enhanced through shapley 

additive explanations to elucidate the feature-wise contributions to predictions. Furthermore, the 

finalized models were integrated into a web-based application, enabling users to input patient data and 

generate outcome predictions interactively. 

 

The CatBoost model demonstrated strong predictive performance for survival and emergence of acute 

GVHD following allogeneic HSCT. For survival prediction, the model achieved a 76.82% accuracy and 

an AUC of 0.82. Main positive predictors were positive engraftment and GVHD prophylaxis with 

cyclosporine A + methotrexate, while higher relapse counts and severe acute GVHD negatively 

impacted survival. The model for predicting acute GVHD showed a 64.71% accuracy and an AUC of 

0.68, with CMV infection emerging as key predictors. For predicting acute GVHD severity, the Random 

Forest model attained an accuracy of 71.93% and an AUC of 0.78, with factors like mismatched locus 

count and total body irradiation being related to more severe GVHD. Lastly, the chronic GVHD 

prediction model reached a 78.30% accuracy and an AUC of 0.75, with acute GVHD presence and 

myeloablative conditioning therapies being strong predictors, while defibrotide prophylaxis and 

reduced-intensity conditioning related to lower chronic GVHD risk. 

 

ML models developed within this research exhibited robust predictive capabilities, highlighting their 

potential as valuable tools in clinical decision-making. The developed web-based application 

demonstrates the potential for models to be integrated into clinical decision-making processes. 

However, to enhance their generalizability and reliability, further external validation and the use of 

larger, more diverse datasets are necessary. 

 

Keywords: graft versus host disease, hematopoietic stem cell transplantation, machine learning, 

survival  
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1. INTRODUCTION 

 
 

1.1. Allogeneic hematopoietic stem cell transplantation 

 

Hematopoietic stem cell transplantation (HSCT) is a pivotal therapeutic intervention for 

individuals suffering from hematologic diseases, involving the hematopoietic progenitor cell 

infusion to reestablish normal hematopoiesis and immune system. The classification of HSCT 

is predicated on the source of the hematopoietic cells, namely, autologous and allogeneic 

transplantation. Autologous HSCT involves utilizing the patient’s hematopoietic cells, 

whereas allogeneic HSCT relies on cells received from a human leukocyte antigen-matched 

donor. HSCT has shown remarkable efficacy in treating a wide array of malignant 

hematological conditions (Saad et al., 2020). 

 

Despite its potential curative outcomes, allogeneic HSCT is accompanied by significant 

risks and complications. One of the major challenges is graft-versus-host disease (GVHD), in 

which the immune cells of the donor attacks the tissues of recipient (Copelan et al., 2019). 

Additionally, patients undergoing allogeneic HSCT face considerable risk of infections, 

encompassing bacterial, fungal, and viral etiologies due to their immunocompromised state. 

Notable infections include those caused by Pseudomonas aeruginosa, Candida, Aspergillus 

species, cytomegalovirus (CMV), influenza, varicella-zoster virus, adenovirus, and respiratory 

syncytial virus (Sahin et al., 2016). CMV infection, in particular, can manifest as pneumonia, 

gastrointestinal disease, and retinitis in patients undergoing allogeneic HSCT, further 

complicating their clinical management (Allaw et al., 2023). 

 

Another critical concern post-allogeneic HSCT is the relapse of a hematologic disease, 

such as acute myeloid leukemia, which presents a significant challenge for both treatment and 

prevention (Kreidieh et al., 2022). Graft failure, where the transplanted hematopoietic cells 

fail to integrate into the bone marrow of recipient and subsequently fail to generate novel blood 

cells, is another serious complication that can occur, necessitating further therapeutic 

interventions (Ozdemir & Civriz Bozdağ, 2018). Furthermore, patients may experience long-

term complications, including secondary cancers and organ-specific issues resulting from pre-

transplant conditioning regimens (Majhail, 2017). 
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The management of these adeverse events necessitates a multifaceted approach, 

incorporating prophylactic and therapeutic apporaches to mitigate the risks of infections, 

GVHD, relapse and graft failure. Despite these challenges, the potential curative benefits of 

allogeneic HSCT for specific hematologic cancers underscore its importance as a cornerstone 

in therapeutic modality for these conditions (Saad et al., 2020). 

 

1.2.  Graft versus host disease 

 

 GVHD occurs when the recipient's tissues are targeted by an immune response 

initiated by the donor's cells, mainly affecting the skin, eyes, gastrointestinal system, kidneys, 

lungs, heart, liver, and muscle. This condition arises from the a complex interplay between 

transplanted donor T cells and recipient's antigens, with human leukocyte antigens being of 

particular importance (Ferrara et al., 2009). 

 

 Acute GVHD is characterized by the absence of diagnostic criteria specific to chronic 

GVHD. It encompasses both classic acute GVHD, manifesting within the first a hundred days 

post-transplantation, and persistent or delayed acute GVHD, characterized by acute GVHD 

symptoms emerging beyond the 100-day mark, often coinciding with immunosuppression 

reduction. Conversely, chronic GVHD is categorized into classic chronic GVHD, which lacks 

acute GVHD features, and an overlap condition, that exhibits characteristics of both acute and 

chronic GVHD (Filipovich et al., 2005).  

 

1.3.  Acute graft versus host disease 

 

The clinical presentation of acute GVHD typically involves a maculopapular rash, 

jaundice due to biliary duct damage and subsequent cholestasis, gastrointestinal disturbances 

characterized by vomiting, anorexia, diarrhea, and abdominal pain. Diagnosis of acute GVHD 

is established through clinical evaluation, laboratory testing, and tissue biopsy of affected 

organs. Disease severity is graded based on skin, gastrointestinal tract, and liver involvement. 

Mild, moderate, severe, and very severe GVHD correspond to grades 1, 2, 3, and 4, 

respectively. Approximately 30-50% of individuals undergoing allogeneic HSCT experience 

acute GVHD, with 14% developing severe forms of the disease (Zeiser & Blazar, 2017a). 

 

The acute GVHD severity is defined by the tissue involvement, based on the grading 

criteria (Rowlings et al., 1997): 
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Grade A (I): Involves a rash influencing less than 25% of the body, no significant liver 

abnormalities (total bilirubin < 34 μmol/L) and gastrointestinal involvement (volume of 

diarrhoea < 500 ml/day) 

Grade B (II): Rash covers 25-50% of the body, stage 1-2 liver involvement (total bilirubin: 

34–102 μmol/L), stage 1-2 gut involvement (volume of diarrhoea: 550–1500 ml/day) 

Grade C (III): Rash covers more than 50% of the body, stage 3 liver involvement (total 

bilirubin: 103–255 μmol/L), stage 3 gut involvement (volume of diarrhoea > 1500 ml/day) 

Grade D (IV): Widespread, blistering rash, severe liver damage (total bilirubin > 255 μmol/L), 

stage 4 gut involvement (severe pain and ileus) 

 

Several factors influence the occurance of acute GVHD: 

Age: Advanced age in both the recipient and donor is a recognized contributing factor for 

developing acute GVHD (Flowers et al., 2011). 

Gender mismatch: Female donors paired with male recipients exhibit a higher incidence of 

the disease (Flowers et al., 2011). 

HLA mismatch: HLA proteins, encoded by genes within the major histocompatibility 

complex, are crucial for presentation of antigen and subsequent activation of T cells. Given 

their extensive genetic variability, the range of HLA discordance between HSCT recipient and 

donor serves as a major predictor of the risk of developing acute GVHD (Flowers et al., 2011). 

HSCT source: Peripheral blood stem cell transplantation (PBSCT) is linked to a greater risk 

of acute GVHD in comparison to bone marrow transplantation. This fact is attributed to the 

greater rate of allo-reactive T cells present in peripheral blood grafts. Conversely, umbilical 

cord blood transplants exhibit a lower acute GVHD risk, likely due to the predominance of 

immature cells within the transplant (Flowers et al., 2011). 

Conditioning regimen intensity: Reduced-intensity conditioning therapies have been linked 

to less acute GVHD risk in comparison to myeloablative regimens in some studies, although 

this finding is not consistently reported across all research (Jagasia et al., 2012). 

 

1.4.  Chronic graft versus host disease 

 

Chronic GVHD can impact not only the skin, gastrointestinal system, lungs, and liver, 

which are generally affected in acute GVHD, but also other organ systems, involving the oral 

cavity, esophagus, musculoskeletal system, joints, fascia, eyes, lymphohematopoietic system, 

hair, nails, and genitalia (Zeiser & Blazar, 2017b). 
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Chronic GVHD can manifest with a diverse range of organ-specific symptoms. These can 

include cutaneous manifestations such as dyspigmentation, and alopecia; oral complications 

like xerostomia and ulcerations; ocular involvement such as keratoconjunctivitis sicca; and 

musculoskeletal complications such as fasciitis and myositis. Gastrointestinal issues include 

loss of appetite, weight loss, and esophageal strictures, while liver involvement can cause 

jaundice. Pulmonary complications include bronchiolitis obliterans Other organs and tissues 

may also be affected, including the kidneys (nephrotic syndrome), heart (pericarditis), and 

bone marrow (cytopenias) (Ferrara et al., 2009). 

 

Several factors contribute to the onset of chronic GVHD (Zeiser & Blazar, 2017b): 

Age: Advanced age in either the donor or recipient is a well-established contributing factor 

for chronic GVHD. This correlation is likely attributable to age-related modifications in 

immune function, tissue regenerative capacity, cellular aging, and cumulative pathogen 

burden. 

Gender mismatch: Chronic GVHD incidence is higher in male recipients of female donor 

hematopoietic stem cell transplants, primarily due to donor T cells targeting host H-Y antigens. 

HLA mismatch: HLA mismatching between unrelated recipient and donor grafts is linked to 

a greater risk of chronic GVHD owing to heightened alloimmune reactivity. 

HSCT source: PBSCT are linked to a greater rates of chronic GVHD in comparison to bone 

marrow transplants, largely due to the higher counts of T cells in the PBSC graft. 

Conditioning regimen intensity: Intense conditioning regimens are linked to increased tissue 

damage, which can exacerbate the initial phase of chronic GVHD. 

Prior acute GVHD: Prior acute GVHD is related to a greater risk of developing chronic 

GVHD. This relationship is likely attributable to the persistent immune activation and tissue 

damage caused by the acute phase. While evidence suggests that severe acute GVHD (grades 

III and IV) may be more strongly correlated with chronic GVHD development, further 

investigation is warranted. 

Chronic myelogenous leukemia diagnosis: Early studies showed a heightened risk of 

chronic GVHD among individuals undergoing allogeneic HSCT for chronic myeloid 

leukemia. 

 

1.5.  Factors affecting survival  

 

The survival of individuals undergoing allogeneic HSCT affected by several critical 

factors. The relapse of the malignancy continues to be the predominant factor of mortality, 



 5 

followed closely by chronic GVHD (Bhatia et al., 2007). Another significant contributor to 

mortality in these patients is Cytomegalovirus (CMV) infection (Allaw et al., 2023). 

Moreover, reactivation of CMV, when accompanied by bloodstream infections, further reduces 

overall survival (Ren et al., 2024). Additionally, acute GVHD and graft failure are linked to a 

higher mortality risk. Moreover, the timing of platelet and neutrophil engraftment has been 

identified as a substantial contributing factor for overall survival (Ren et al., 2024). 

 

Despite the challenges associated with allogeneic HSCT, there have been significant 

improvements in clinical practice over recent years, resulting in a substantial reduction in non-

relapse mortality (from 30% to 16% over 25 years), relapse-related mortality, and overall 

mortality (McDonald et al., 2020). Furthermore, the volume of patients treated at a given 

center has been shown to be a significant determinant of survival outcomes. In the United 

States, centers with higher patient volumes (>40 allogeneic HSCT per year) have reported a 

62% survival rate at one year, compared to a 56% survival rate in lower-volume centers (≤40 

allogeneic HSCT per year) (Majhail et al., 2020). 

 

In addition, pre-hospital physical exercise interventions have been linked to lower 

mortality rates in patients undergoing allogeneic HSCT. Patients who received physical 

exercise interventions prior to hospital admission demonstrated better survival outcomes than 

those who did not (Wiskemann et al., 2015). 

 

1.6.  Risk Scores for patients’ outcomes 

 

Two primary risk scores are utilized to evaluate mortality risk in allogeneic HSCT patients. 

The European Group for Blood and Marrow Transplantation (EBMT) risk score was initially 

created specifically for individuals diagnosed with chronic myeloid leukemia but has since 

been validated for individuals with acute leukemia and other hematological diseases (Gratwohl 

et al., 2009; Shouval et al., 2017). This risk score idetified factors contributing to higher scores, 

including older patient age (≥40 years), advanced disease stage (intermediate or late), 

prolonged time between diagnosis and transplantation (>12 months), the utilization of 

unrelated donors, and female-to-male donor-recipient sex mismatches (Gratwohl, 2012). 

 

Higher EBMT scores are associated with poorer survival outcomes. This association is 

supported by findings from a cohort, where acute leukemia patients with an EBMT score >10 
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had substantially worse overall survival incomparison to the patients with scores <8.5 (hazard 

ratio: 2.79 [2.02-3.87], two-year overall survival) (Shouval et al., 2017). 

 

The second key risk score Hematopoietic Cell Transplantation-Specific Comorbidity 

Index (HCT-CI) evaluates the impact of pre-transplant comorbidities on HSCT outcomes, 

assigning weighted scores to various conditions based on their severity. Conditions include 

arrhythmias, cardiac issues, psychiatric disturbances, mild hepatic impairment, obesity, 

infections, and rheumatologic disorders, among others, with higher scores assigned to more 

severe conditions such as moderate/severe renal, pulmonary, or hepatic dysfunction, prior 

solid malignancies, and heart valve disease (Sorror et al., 2007). Increasing HCT-CI values 

have been associated with elevated non-relapse mortality (Sorror et al., 2007) and reduced 

overall survival (Kataoka et al., 2010).  

 

1.7.  Implementation of machine learning in medicine 

 

Recent advancements have facilitated the usage of artificial intelligence (AI) in medicine. 

A subset of AI, machine learning employs statistical methodologies to predict target variables 

such as clinical outcomes and diagnoses (Çubukçu et al., 2024; Herman et al., 2021). 

 

The creation of a ML model begins with data collection and preparation. This process 

followed data cleaning and feature engineering to extract relevant information. The curated 

dataset is subsequently divided into training, tuning, and validation subsets. The training 

subset forms the basis for model learning, allowing it to identify underlying patterns in the 

data. While optional, a tuning subset can be utilized to optimize model performance through 

hyperparameter adjustment. Once the model is constructed and refined, its performance, 

interpretability, and generalizability are rigorously assessed. This evaluation encompasses 

both internal and external validation datasets to ensure model robustness if possible (Çubukçu 

et al., 2024). 

 

ML has become an essential tool in hematology, offering potential to enhance clinical 

decision-making in diagnosis, prognosis, and treatment (Radakovich et al., 2020). Artificial 

intelligence (AI) applications in diagnostic hematology encompass digital morphological 

analysis of smears, hemoglobinopathy testing, and flow cytometry (Obstfeld, 2023). 

Moreover, ML models have demonstrated utility in predicting prognosis, such as overall and 

non-relapse mortality following allogeneic HSCT (Mussetti et al., 2024). In the realm of 
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treatment, ML-based approaches are being explored for optimizing therapy selection, as 

exemplified by its application in chronic lymphocytic leukemia (CLL) (Agius et al., 2020).  

 

While numerous ML models have been developed, their performance can vary 

significantly across different patient populations. The limited availability of readily accessible 

models tailored to specific patient cohorts underscores the need for developing in-house 

solutions. Therefore, this study aims to construct ML models utilizing our patient data to 

predict critical post-transplant outcomes, including survival, the onset and severity of acute 

GVHD, and the chronic GVHD development.  
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2. MATERIALS AND METHODS 

 
 

2.1. Study population 

 

Approval for this research was granted by Ankara University's Human Research Ethics 

Committee (decision number: İ09-596-23). We employed a retrospective dataset 

encompassing patient medical records from 1988 to 2023 at the hematology department of 

Ankara University Faculty of Medicine. Patients included in the study satisfied the criteria 

below: 

Inclusion Criteria: 

• Underwent allogeneic HSCT. 

• 18 years of age or older. 

Exclusion Criteria: 

• Underwent solid organ transplantation. 

• Underwent autologous HSCT. 

• Aged under 18 years. 

• Possessed missing data on dependent variables (variables targeted for prediction), 

including: 

✓ Acute GVHD occurrence 

✓ Acute GVHD severity (grades 1 vs. 2, 3, 4) 

✓ Chronic GVHD occurrence 

✓ Survival status (living or deceased)  

Patients with missing data on dependent variables were excluded from their respective 

prediction models. 

 

Following application of the inclusion and exclusion criteria, we gathered available 

information on the following elements, to be used as input and dependent variables for 

subsequent analyses: 

 

HLA conformance information: 

Mismatched locus status: This variable indicates which specific HLA loci are mismatched 

between the recipient and donor, including A, B, C, and DRB1. 

DRB1 mismatch status: This focuses specifically on mismatches at the DRB1 locus, which is 

part of the HLA class II region. 
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Mismatched locus count: This variable likely represents the total count of HLA loci 

mismatches between recipient and donor. 

HLA numeric conformance: This is a numerical representation of HLA compatibility, ranging 

between 0 and 1. A value of 1 indicates a fully matched conformance, while lower values 

represent increasing degrees of mismatch between donor and recipient HLA profiles.  

Haploidentical transplant status: This binary variable likely indicates whether the transplant is 

haploidentical, meaning the donor is a half-match with the recipient. 

 

Demographical information: 

Recipient age: The age of the individual receiving the transplant. 

Donor age: The age of the individual donating the tissue. 

Recipient gender: The gender identity of the transplant recipient. 

Donor gender: The gender identity of the tissue donor. 

Gender mismatch: A binary variable that indicates whether the recipient and donor have 

mismatched genders. 

Recipient blood type: Denotes the blood type of the transplant recipient. 

Donor blood type: Specifies the blood type of the organ or tissue donor. 

Blood type mismatch: A binary variable that indicates whether the recipient and donor have 

mismatched blood types. 

Main diagnosis: Provides the primary medical condition for which the transplant is needed. 

Diagnosis: Additional details about the recipient's medical condition, complementing the main 

diagnosis. 

Subtype: A subtype or variant of the diagnosis. 

 

Transplantation-related information: 

Stem cell source: Specifies the origin of the cells used for transplantation, such as peripheral 

blood and bone marrow. 

Conditioning therapy: Describes the preparatory therapy administered before transplantation. 

Total Body Irradiation (TBI) Status: Indicates whether TBI was incorporated in the recipient's 

conditioning therapy. 

Conditioning therapy type: Specifies the type of conditioning therapy administered (Reduced-

Intensity Conditioning, Myeloablative, Non-Myeloablative). 

GVHD Prophylaxis: Refers to the preventive medication administered to minimize the risk of 

GVHD. 
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Time (month) between diagnosis and transplantation: Indicates the duration between the 

recipient's diagnosis of the underlying medical condition and the transplantation procedure. 

Antifungal therapy: Describes the administration of medications to prevent or treat fungal 

infections. 

Defibrotide prophylaxis: Refers to the use of defibrotide as a preventive measure against 

hepatic veno-occlusive disease (VOD). 

Antimicrobial prophylaxis: The administration of antimicrobial medication to prevent 

infections in recipients. 

G-CSF given to donor: The administration of G-CSF to stimulate the white blood cell 

production, facilitating stem cell mobilization in donors.  

G-CSF given to recipient: The administration of G-CSF to recipients to enhance engraftment 

in recipients. 

Number of apheresis applied to donor: The total number of apheresis procedures conducted to 

harvest stem cells from the donor for transplantation. 

Number of donor lymphocyte infusion: The number of infusions of donor lymphocytes 

administered post-transplant. 

The amount of graft given to the recipient (milliliters): The volume of the transplanted graft 

received by the recipient. 

Engraftment status: Indicates whether the transplanted cells have successfully engrafted within 

the recipient's bone marrow. 

The day the neutrophil count exceeds 500: Specifies the number of days following the 

transplant until the neutrophil count exceed 500. 

The day the neutrophil count exceeds 1000: Specifies the number of days following the 

transplant until the neutrophil count exceed 1000. 

The day the platelet count exceeds 20000: Specifies the number of days following the 

transplant until the platelet count exceed 20000. 

The day the platelet count exceeds 50000: Specifies the number of days following the 

transplant until the platelet count exceed 50000. 

Total Nucleated Cells 10E8: The total count of nucleated cells in the graft. 

Mononuclear cells 10E8: The number of mononuclear cells in the graft including lymphocytes 

and monocytes. 

CD34-positive cells 10E6: The number of hematopoietic stem cells in the graft. 

CD3-positive cells 10E7: The number of T cells in the graft. 

CD3-16-56+ 10E7: The number of NK cells in the graft. 

CD3+4+ 10E7: The number of helper T cells in the graft. 
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CD3+8+ 10E7: The number of cytotoxic T cells in the graft. 

CD19+ 10E7: The number of B cells in the graft. 

 

Clinical information: 

Viral infection: Indicates whether the recipient has experienced a viral infection including: 

• CMV: Cytomegalovirus infection. 

• HBV: Hepatitis B Virus infection. 

• ADV: Adenovirus infection.  

• BK: BK Virus infection.  

• Mumps: Mumps Virus infection.  

• HSV: Herpes Simplex Virus infection. 

• VZV: Varicella-Zoster Virus infection. 

• No Viral Infection: Indicates the absence of any viral infection. 

HSV infection status: The status of HSV infection history in the recipient. 

CMV infection status: The status of CMV infection history in the recipient. 

Presence of hemorrhagic cystitis: Indicates whether the recipient has developed hemorrhagic 

cystitis, a condition characterized by inflammation and bleeding of the bladder lining. 

Hemorrhagic cystitis grade: The severity or grade of hemorrhagic cystitis. 

Number of relapses: The number of disease relapses experienced by the recipient. 

Acute GVHD: This variable covers the grade of acute GVHD from 1 to 4. Additionally, 

patients without acute GVHD represented as 0. 

Acute GVHD severity (1,2 vs. 3,4): Categorizes the severity of acute GVHD into: 

• Grade 1-2: Mild to moderate acute GVHD. 

• Grades 3-4: Severe to very severe acute GVHD. 

 

Variables to be predicted: 

Acute GVHD presence: Indicates whether the recipient has developed acute GVHD post-

transplant. 

Acute GVHD severity (1 vs. 234): Categorizes the acute GVHD severity into: 

• Grade 1: Mild acute GVHD. 

• Grades 2-4: Moderate to very severe acute GVHD. 

Chronic GVHD presence: Indicates whether the recipient has developed chronic GVHD post-

transplant. 

Survival status: Indicates the survival status of the recipient (survived or deceased). 
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The initial dataset encompassed 1313 patients. We obtained survival information for 1306 

patients, data about the acute GVHD occurrence for 1132 patients, and data on the chronic 

GVHD occurrence for 956 patients. Notably, all patients with acute GVHD (n=536) possessed 

information regarding the severity of their condition. 

 

 

2.2. Machine learning model development 

 

A detailed overview of our ML development process is shown in Figure 2.1. 

 

 

 

Figure 2.1: Machine learning development process. 
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2.2.1. Data preprocessing 

 

Prior to model development, data cleaning and preparation were conducted using Pandas 

1.3.5 (Team, 2020) and NumPy 1.21.2 (Harris et al., 2020) libraries within the Python 

programming language. This step ensured data quality and consistency for optimal model 

performance. 

 

2.2.2. Machine learning library and algorithms considered 

 

PyCaret version 3.0.0, a low-code ML library designed to streamline workflows, was 

employed for model development (Ali, 2020). This library facilitated the efficient creation, 

evaluation, and comparison of multiple ML algorithms, enabling the choosing the most 

appropriate models for our particular prediction tasks. 

 

PyCaret offers a comprehensive suite of classification and regression algorithms. For this 

study, we explored a broad range of algorithms commonly used for categorical outcome 

prediction, including: 

 

• Decision Tree Classifiers (Decision Tree, Random Forest) 

• Gradient Boosting Classifiers (CatBoost, XGBoost, LightGBM) 

• Support Vector Machines (SVM - Linear Kernel) 

• Ensemble Classifiers (AdaBoost, Gradient Boosting) 

• Statistical Classifiers (Logistic Regression, Naive Bayes) 

• Discriminant Analysis Classifiers 

 

2.2.3. Model development for each outcome 

 

We developed four distinct machine learning models, each aiming to predict a different 

patient outcome (target variable) following allogeneic HSCT: 

 

1. Survival Prediction: This model aimed to forecast recipient survival post-transplant. 

2. Acute GVHD Prediction: This model focused on predicting the development of acute 

GVHD. 

3. Acute GVHD Severity Prediction: This model differentiated between mild (grade I) 

and moderate to very severe (grades ≥ II) forms of acute GVHD. 
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4. Chronic GVHD Prediction: This model predicted the development of chronic GVHD 

after transplantation. 

 

2.2.4. Data cleaning and exclusion criteria 

 

To ensure data quality, we implemented a three-step exclusion process for all models: 

1. Missing Target Variable: Patients with missing data in the target variable for each 

respective model were excluded. 

2. Missing HLA Conformance Data: Any patient lacking HLA numeric conformance 

data was removed. 

3. High Missing Value Variables: Variables with over 50% missing values were excluded 

from the analysis. 

 

2.2.5. Specific preprocessing for each model 

 

In addition to the general exclusion process, each model employed further data cleaning 

steps specific to the target variable and relevant features: 

 

• Survival Prediction: Missing values were handled by applying K-Nearest Neighbors 

(KNN) imputation for numeric variables and using the mode (most frequently 

occurring value) for categorical variables.. High cardinality categories (frequency < 

1%) were combined into a "rare" category. Feature selection was conducted using 

scikit-learn's SelectKBest package to identify the 45 most informative features, which 

was followed by an 80/20 training and testing split. 

• Acute GVHD Prediction: Patients with missing "CD19+ 10E7" and "neutrophil count 

exceeding 1000" data were excluded. Additionally, the "Subtype" variable, with a high 

proportion (42%) of missing values, was excluded. Missing values were handled by 

applying KNN for numeric variables and median for categorical variables. Features 

with multicollinearity and low variance were removed for stability and noise 

reduction. The data was normalized using Z-score transformation. Feature selection 

identified 34 features using SelectKBest, which was followed by an 80/20 training 

and testing split. 

• Acute GVHD Severity Prediction: Patients with missing "Mononuclear cells 10E8" 

data were excluded, along with the "Subtype" variable due to its high (35%) missing 

value rate. The target variable was "Acute GVHD severity (1 vs. 234)". Preprocessing 
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steps mirrored those of acute GVHD prediction. Feature selection identified 34 

features using SelectKBest, followed by a 70/30 train-test split. 

• Chronic GVHD Prediction: Patients with missing "Acute GVHD presence" data were 

excluded. The target variable was set as "Chronic GVHD presence". Preprocessing 

followed the same approach as Acute GVHD prediction without feature selection 

followed by an 80/20 train-test split. 

 

2.2.6. Model selection and hyperparameter optimization 

 

Following data preprocessing and feature selection for each model, the aforementioned 

ML algorithms’ performances were evaluated using PyCaret. The algorithm with the best 

performance on the testing set was chosen for further training with hyperparameter 

optimization. This process involves systematically adjusting the model's internal 

configurations to maximize accuracy of prediction. 

 

2.2.7. Performance evaluation 

 

The performances of all developed models on test datasets were firstly assessed using a 

confusion matrix that provides an overview of model performance by classifying predictions 

into true negatives (TN), true positives (TP), false negatives (FN), and false positives (FP). 

Moreover, receiver operating characteristic (ROC) curves with area under the curve (AUC) 

values, Kappa values, and metrics such as specificity, sensitivity, positive predictive value, 

accuracy, and F1 score were used to evaluate performances. The following formulas were used 

for the calculation of the metrics: 
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2.2.8. Evaluation of models’ interpretability 

 

To better understand the decision-making processes of the models, we used SHapley 

Additive exPlanations (SHAP) as an interpretability technique. SHAP draws inspiration from 

game theory to explain how each feature contributes to a specific model prediction. It treats 

features as players, each contributing to the final prediction. By leveraging the Shapley value 

concept, SHAP ensures fair credit allocation to each feature by considering all possible feature 

combinations. It calculates feature importance based on the average influence on the model's 

prediction (Molnar, 2019). 

 

We utilized SHAP beeswarm plots to visualize the results. These plots use pre-computed 

SHAP values to illustrate the average influence of each feature on the outcome prediction for 

every data point. Each data point is represented by a single dot, with the X-axis displaying the 

model's features. The location of a dot on the X-axis represents the SHAP value of that feature 

for the corresponding data point. Colors typically range from red (high values) to blue (low 

values). Features with a broader spread of dots generally have a more substantial influence on 

predictions across various data points (Lundberg et al., 2020). 

 

2.2.9. The web-based application development 

 

Backend design of the application is summarised below: 

Model Integration: Machine learning models were saved as .pkl files during the training 

phase in PyCaret. The four ML models were stored in a directory (./ML_models) and loaded 

dynamically using the PyCaret load_model() function based on the user’s choice. The 

application dynamically loads the appropriate model using the @st.cache_resource decorator 

to optimize performance. 

Data Preprocessing: Input features correspond to the models' training data feature sets. 

Features are either directly entered by the user or derived (e.g., gender mismatch and blood 

type mismatch). An input dataset serves as a reference for drop-down options and value 

constraints. 

 

Frontend design of the application is as follows:  
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Dynamic Forms: Input forms are dynamically generated based on the selected model, with 

input fields configured to accept numeric inputs, categorical selections, or binary options. 

Sidebar: Provides a navigation menu to select models and includes developer information. 

Main Page: Displays input forms and prediction results. 

Disclaimer: A disclaimer appears at the beginning of the main page as the application is 

clearly labeled for research use only. 

 

Application workflow is given below: 

Model Selection: The sidebar features a radio button interface allowing users to select one of 

the four predictive models. 

Data Input: Forms are generated dynamically to accept input features relevant to the selected 

model. Input features were predefined based on the models' training datasets, including 

variables about demographics, transplantation details, laboratory parameters, and clinical 

outcomes. All input features are validated against training data distributions using drop-downs, 

number inputs with defined ranges, or predefined options. 

Prediction: Upon entry, input data are collected into a Python dictionary and converted to a 

Pandas DataFrame. The selected model processes the input using PyCaret’s predict_model() 

function, returning the predicted outcome and the associated probability. Prediction output is 

displayed as an information box, formatted with the prediction outcome and its probability. 

 

The application was built using Streamlit version 1.38.0. The application's code is 

publicly accessable on GitHub at https://github.com/hikmetc/hsct_outcome. Moveover, the 

app is available at https://hsct-outcome.streamlit.app . 

 

 

 

 

 

 

 

 

 

 

 

 

https://github.com/hikmetc/hsct_outcome
https://hsct-outcome.streamlit.app/
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3. RESULTS 

 

3.1. Performance of survival prediction model 

 
Following the data preprocessing steps outlined previously, the final dataset for the 

survival prediction model included information from 721 patients. An initial performance 

comparison was conducted using a subset of 570 patients' data. 

 

The CatBoost model emerged as the best-performing model and was subsequently trained 

using a cross-validation (10-fold) process. This method involves dividing the training data into 

10 folds, using 9 folds are utilized for model training and the remaining part to evaluate its 

performance. This procedure is repeated 10 times to ensure a robust evaluation across the 

entire dataset. Additionally, hyperparameter optimization was conducted with 100 iterations, 

aiming to maximize the model's accuracy in predicting patient survival. 

 

The final performance of the optimized CatBoost model was assessed on a hold-out test 

set consisting of 151 patients' data. This data was not used during model training or 

hyperparameter optimization, providing an unbiased assessment of the model's 

generalizability to unseen data. The performance of the CatBoost model is presented in the 

confusion matrix (Figure 3.2), performance metrics table (Table 3.1), and the ROC curve 

(Figure 3.3). 

 

The survival model attained 76.82% accuracy, 66.07% sensitivity, and 83.16% specificity 

(Table 3.1). Additionally, the AUC value of the ROC curve was 0.82 (Figure 3.3).  
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Figure 3.2: Confusion matrix of the CatBoost model for survival prediction. Class 0 and 1 

represents deceased and survived individuals, respectively. 

 
Table 3.1: The performance statistics of the CatBoost model for survival prediction. AUC: 

Area under the curve. 

Statistic Value 

Sensitivity 66.07% 

Specificity 83.16% 

Positive Predictive Value 69.81% 

Negative Predictive Value 80.61% 

Accuracy 76.82% 

F1 Score 67.89% 

Kappa value 0.50 

AUC 0.82 
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Figure 3.3: The ROC curve of the CatBoost model for survival prediction. Class 0 and 1 

represents deceased and survived individuals, respectively. 

 
Positive factors for survival in the survival prediction model (Figure 3.4) included 

positive engraftment, cyclosporine A + methotrexate GVHD prophylaxis, sibling donor and 

acute myeloid leukemia (AML) diagnosis. Conversely, higher relapse count, higher grades of 

acute GVHD, higher number of mismatched locus, male recipient gender, higher recipient age, 

and TBI were linked to lower survival. 
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Figure 3.4: SHAP beeswarm plot of the CatBoost model for survival prediction. 

 
3.2. Performance of acute GVHD prediction model 

 

Following the data preprocessing steps outlined previously, the final dataset for the acute 

GVHD prediction model included information from 326 patients. An initial performance 

comparison was conducted using a subset of 258 patients' data. The CatBoost model 

outperformed other models in the initial performance evalutaion. Subsequently, the CatBoost 

model was further trained using a 10-fold cross-validation process. Hyperparameter 
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optimization did not result in improved performance. Thus, the initial CatBoost model was 

selected as the final acute GVHD prediction algorithm. 

 

The final model’s performance was assessed on a hold-out test set consisting of 68 patients' 

data. The performance of the acute GVHD prediction model is presented in the confusion 

matrix (Figure 3.5), performance metrics table (Table 3.2) and the ROC curve (Figure 3.6). 

The acute GVHD prediction model showed 64.71% accuracy, 64.71% sensitivity, and 64.71% 

specificity (Table 3. 2). Moreover, the AUC value of the ROC curve’s was 0.68 (Figure 3.6).  

 

 

Figure 3.5: Confusion matrix of the CatBoost model for acute GVHD prediction. Class 1 

represents patients with acute GVHD. 

 

Table 3.2: The performance statistics of the CatBoost model for acute GVHD prediction. 

AUC: Area under the curve. 

Statistic Value 

Sensitivity 64.71% 

Specificity 64.71% 

Positive Predictive Value 64.71% 

Negative Predictive Value 64.71% 

Accuracy 64.71% 

F1 Score 64.71% 

Kappa value 0.29 

AUC 0.68 
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Figure 3.6: The ROC curve of the CatBoost model for acute GVHD prediction. Class 1 

represents patients with acute GVHD. 

 

Positive predictors of acute GVHD in the model (Figure 3.7) included CMV infection, 

acute lymphoblastic leukemia diagnosis, donor age, blood type mismatch, conditioning 

therapy with cyclophosphamide + TBI, and conditioning therapy with busulfan+ 

cyclophosphamide. Conversely, the amount of graft given to the recipient and the number of 

CD34 positive cells in the graft were linked to negative acute GVHD status. The number of 

total nucleated cells in the graft and the day the neutrophil count exceeds 1000 appeared 

complex based on SHAP analysis, potentially depending on interactions with other factors. 
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Figure 3.7: SHAP beeswarm plot of the CatBoost model for acute GVHD prediction. 

 

3.3. Performance of acute GVHD severity prediction model 
 

Following the data preprocessing steps outlined previously, the final dataset for the 

moderate to very severe acute GVHD prediction model included information from 181 

patients. An initial performance comparison was conducted using a subset of 124 patients' 

data. During the initial performance comparison, CatBoost and Random Forest algorithms 

outperformed the other models. The Random Forest model performed better than the CatBoost 

model on the test dataset (Accuracy: 73.68% vs. 73.68%, AUC: 0.79 vs. 0.78, Sensitivity: 

76.67% vs. 73.33%). Thus, the Random Forest algorithm was selected to be trained using a 

10-fold cross-validation process with hyperparameter optimization over 100 iterations to 

achieve maximum accuracy. 
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The test set consisting of 57 patients' data was used to assess the final model’s 

performance. The acute GVHD severity prediction model’s performance is presented in the 

confusion matrix (Figure 3.8), performance metrics table (Table 3.3) and the ROC curve 

(Figure 3.9). 

 

The acute GVHD severity prediction model showed 71.93% accuracy, 76.67% 

sensitivity, and 66.67% specificity (Table 3.3). Moreover, the AUC value of the ROC 

curve’s was 0.78 (Figure 3.9).  

 

 

Figure 3.8: Confusion matrix of the Random forest model for acute GVHD severity 

prediction. Class 1 represents patients with acute GVHD severity higher than 1. 

 

Table 3.3: The performance statistics of the Random forest model for acute GVHD severity 

prediction. AUC: Area under the curve. 

Statistic Value 

Sensitivity 76.67% 

Specificity 66.67% 

Positive Predictive Value 71.88% 

Negative Predictive Value 72.00% 

Accuracy 71.93% 

F1 Score 74.19% 

Kappa value 0.43 

AUC 0.78 
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Figure 3.9: The ROC curve of the Random forest model for acute GVHD severity prediction. 

Class 1 represents patients with acute GVHD severity higher than 1. 

 

Positive predictors of moderate to very severe acute GVHD in the Random Forest model 

(Figure 3.10) included TBI therapy, mismatched locus count, matched unrelated donor, and 

acute lymphoblastic leukemia (ALL) diagnosis. Conversely, blood type mismatch, donor 

blood type of O+, and sibling donor were associated with low grade (Grade 1) of acute GVHD. 

The day the neutrophil count exceeds 1000, mononuclear cells, CD3+ cells, CD3+4+ cells, 

CD3+8+ cells, total nucleated cells, CD19+ cells, CD34+ cells count in the graft, number of 

donor lymphocyte infusions and the amount of graft given to the recipient appeared complex 

based on SHAP analysis, potentially depending on interactions with other factors. 
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Figure 3.10: SHAP beeswarm plot of the Random forest model for moderate to very severe 

acute GVHD prediction. 

 
3.4. Performance of chronic GVHD prediction model 

 
Following the data preprocessing steps outlined previously, the final dataset for the 

chronic GVHD prediction model included information from 508 patients. An initial 

performance comparison was conducted using a subset of 402 patients' data. During the initial 

performance comparison, the Random Forest algorithm showed the best performance 

compared to the others. Therefore, the Random Forest algorithm was selected to be trained 

with hyperparameter optimization over 100 iterations to achieve maximum accuracy. 

 

The final model’s performance was assessed using the test set consisting of 106 patients' 

data. The chronic GVHD prediction model’s performance is presented in the confusion matrix 

(Figure 3.11), the performance metrics table (Table 3.4) and the ROC curve (Figure 3.12). 
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The chronic GVHD prediction model showed 78.30% accuracy, 60.00% sensitivity, and 

87.32% specificity (Table 3.4). Moreover, the AUC value of the ROC curve’s was 0.75 

(Figure 3.12).  

 

 

Figure 3.11: Confusion matrix of the Random forest model for chronic GVHD prediction. 

Class 1 represents patients with chronic GVHD. 

 
Table 3.4: The performance statistics of the Random forest model for chronic GVHD 

prediction. AUC: Area under the curve. 

Statistic Value 

Sensitivity 60.00% 

Specificity 87.32% 

Positive Predictive Value 70.00% 

Negative Predictive Value 81.58% 

Accuracy 78.30% 

F1 Score 64.62% 

Kappa value 0.49 

AUC 0.75 
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Figure 3.12: The ROC curve of the Random forest model for chronic GVHD prediction. Class 

1 represents patients with chronic GVHD. 

 

Positive predictors of chronic GVHD in the Random Forest model (Figure 3.13) included 

acute GVHD (presence and increasing grades), sibling donor, conditioning therapy with 

busulfan + cyclophosphamide, recipient blood type as A+, myeloablative conditioning 

therapy, GVHD prophylaxis with cyclosporine A + methotrexate, conditioning therapy with 

cyclophosphamide + TBI, and female donor gender. Conversely, matched unrelated donor, 

defibrotide prophylaxis, and reduced-intensity conditioning therapy were negatively linked to 

chronic GVHD. The amount of graft given to the recipient, the day the neutrophil count 

exceeds 1000, recipient and donor age appeared complex based on SHAP analysis, potentially 

depending on interactions with other factors. 

 

 

 



 30 

 
Figure 3.13: SHAP beeswarm plot of the Random forest model for chronic GVHD prediction. 

 

 
3.5. Web-based application 

 
The user interface of the web-based application is illustrated in Figure 3.14. Four distinct 

machine learning (ML) models were integrated into the application for the following purposes: 

acute GVHD prediction, moderate to very severe acute GVHD prediction, chronic GVHD 

prediction, and survival prediction. Users can input variables and subsequently click the 

"predict" button to receive the predicted outcome. 
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Figure 3.14: The user interface of the web-based application 
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4. DISCUSSION 

 

 
This study employed machine learning approaches to develop four prognostic models for 

allogeneic HSCT outcomes, including survival status, emergence of acute GVHD, acute 

GVHD severity, and chronic GVHD. Three of the machine learning models (survival, severe 

acute GVHD, and chronic GVHD prediction models) achieved an AUC exceeding 0.70, 

indicating acceptable discriminative ability in predicting the respective outcomes, while the 

acute GVHD prediction model achieved an AUC of 0.68. 

 

4.1. Survival prediction model 

 

Our study's findings provided significant insights into survival factors post-allogeneic 

HSCT (post-allo-HSCT) using a machine learning-based survival prediction model using 

CatBoost appoach. This model attained an 76.82% accuracy, 66.07% sensitivity, and 83.16% 

specificity, with an AUC of 0.82, demonstrating its robustness in predicting survival outcomes. 

The performance metrics of our survival prediction CatBoost model were comparable to those 

reported in previous studies utilizing machine learning techniques, although the specific 

variables used to predict outcomes varied. For instance, Eisenberg et al. (2022) developed a 

gradient boosting machine (GBM) model with an AUC of 0.92 for predicting mortality post-

allo-HSCT, highlighting the efficacy of machine learning in this context (Eisenberg et al., 

2022). Their model identified higher C-reactive protein, glutamate oxaloacetate transaminase, 

blood urea nitrogen, and lower total protein levels as the most predictive features for mortality 

at day 21 post-transplantation, based on SHAP values (Eisenberg et al., 2022). Similarly, Choi 

et al. (2022) reported an AUC of 0.79 for their gradient boosting model for survival prediction, 

indicating comparable predictive capabilities to our survival prediction CatBoost model (Choi 

et al., 2022). While relapse was determined as a major factor for long-term survival, 

engraftment status, GVHD, and treatment-related toxicities were also found to be associated 

with survival. Conditioning regimen, HLA-matching status, disease status, donor and patient 

ages, and genetic risk were associated with disease relapse  (Choi et al., 2022). Moreover, 

Shouval et al. (2016) employed six ML algorithms, including random forest, logistic 

regression, alternating decision trees, multilayer perceptron, and ADABoost, to predict 

transplantation-related mortality (Shouval et al., 2016). Their models achieved an AUC of 

0.67, with donor type, disease stage, and conditioning therapy identified as predictive factors 

for non-relapse mortality (Shouval et al., 2016). 
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Predictors of survival prediction model: 

 

Our study identified positive engraftment, cyclosporine A + methotrexate GVHD 

prophylaxis, sibling donor, and an AML diagnosis as factors associated with improved 

survival. Graft failure is well known complication that leads to life treatening effects (Ozdemir 

& Civriz Bozdağ, 2018). Similar to our study’s findings, Choi et al. showed that positive 

engraftment linked to post-allogeneic-HSCT survival (Choi et al., 2022). Thus, positive 

engraftment has been consistently linked to improved outcomes in allogeneic-HSCT.  

 

Unlike our findings, Harashima et al. (2019) observed that a prophylaxis regimen 

including cyclosporine A, rather than one with tacrolimus, was linked to poorer post-

allogeneic-HSCT overall survival (Harashima et al., 2019). Similarly, Kamel et al. (2016) 

reported lower acute GVHD rates in renal transplant patients treated with tacrolimus (Kamel 

et al., 2016). Moreover, recent evidence has favored the use of cyclophosphamide-containing 

regimens over other immunosuppressive drug combinations, demonstrating improved GVHD 

and relapse-free survival (Bolaños-Meade et al., 2023; Ruggeri et al., 2017). 

 

Nevertheless, as shown in Figure 3.3, our SHAP analysis did not reveal any predictive 

potential of GVHD prophylaxis regimens including tacrolimus or cyclophosphamide. Thus, 

our findings could not infer any positive effect of regimens with tacrolimus or 

cyclophosphamide on survival rates. While, cyclosporin and tacrolimus agents are both 

calcineurin inhibitors (Lee et al., 2023), tacrolimus is often preferred for patients experiencing 

rejection while on cyclosporine treatment (Lee et al., 2023). Patients with such a more severe 

clinical condition in the tacrolimus prophylaxis group may have poorer survival rates, 

potentially supporting our study's findings.  

 

On the other hand, our retrospective dataset, spanning patient medical records from 1988 

to 2023, encompasses a period marked by significant evolution in GVHD prophylaxis 

regimens. Notably, only 73 of the 570 patients in the survival prediction sub-dataset received 

a post-transplant cyclophosphamide regimen. This limited usage of post-transplant 

cyclophosphamide restricted our ability to definitively evaluate its effectiveness across the 

entire dataset. Consequently, its impact on patient outcomes could not be accurately assessed 

in this context. 
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Regarding the unexpected positive association between AML diagnosis and survival, it is 

plausible that this result may be influenced by the inclusion of other hematological 

malignancies with poorer prognoses in the study population. 

 

The SHAP analysis (Figure 3.4) identified sibling donors as being associated with 

improved survival outcomes. This finding is consistent with current clinical practice, which 

prioritizes matched sibling donors over other donor types due to their superior HLA 

compatibility and associated higher survival rates (Lee et al., 2007). 

 

Conversely, higher relapse count, higher grades of acute GVHD, a higher number of 

mismatched loci, male recipient gender, older recipient ages, and TBI were linked to reduced 

survival rates. 

 

The detrimental influence of higher relapse count has been widely recognized. Choi et al. 

and Sayehmiri et al. emphasized relapse as a critical factor negatively influencing long-term 

(Choi et al., 2022) and overall survival (Sayehmiri et al., 2008), respectively. Additionally, 

some researchers identified disease relapse as a major factor of mortality (Wingard et al., 2011; 

Wu et al., 2023). 

 

Higher grades of acute GVHD are strongly associated with reduced survival, as 

corroborated by Wu et al. and Ramdial et al., who identified grade III-IV acute GVHD as 

significant predictors of lower overall survival (Wu et al., 2023) and non-relapse mortality 

(Ramdial et al., 2021), respectively.  

 

Our finding of a higher number of mismatched loci affecting survival aligns with Garcia-

Horton et al. (2022), who demonstrated that HLA mismatch status significantly impacts 

overall survival (Garcia-Horton et al., 2022).  

 

Additionally, the gender disparity observed, with male recipient gender being linked to 

lower survival, is consistent with findings from Wong et al. (2020) and Solh et al. (2018), who 

identified male gender as a contributing factor to mortality (Solh et al., 2018; Wong et al., 

2020). Moreover, the pairing of a female donor with a male recipient is incorporated in the 

EBMT risk score, which is related to non-relapse mortality (Gratwohl, 2012).  
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Our SHAP analysis revealed that higher recipient age linked with lower survival. These 

findings align with the EBMT risk score, which incorporates recipient age as a risk factor 

(Gratwohl, 2012). Older recipient age has been consistently linked to decreased post-transplant 

survival (Garcia-Horton et al., 2022; Harada et al., 2021; MacMillan et al., 2012; Shaw et al., 

2024; Wingard et al., 2011). This relationship is likely influenced by the fact that advanced 

age is often accompanied by multiple comorbidities that negatively impact survival outcomes. 

 

We observed that TBI is linked to lower survival rates. TBI is utilized as part of the 

conditioning therapy. While effective in eliminating hematopoietic cells within the bone 

marrow, TBI is linked to significant toxicities, including pulmonary complications such as 

radiation-induced interstitial pneumonitis, hepatic complications, renal impairment, and VOD 

(Wong et al., 2018). Furthermore, it has been tied to a higher probability of acute GVHD, a 

major cause of complications after allogeneic HSCT (Przepiorka et al., 1999). 

 

4.2.Acute GVHD and moderate to very severe acute GVHD prediction models 

 

In our study, we developed two distinct models to predict acute GVHD. The first model, 

a CatBoost classifier, predicted the occurrence of acute GVHD with a 64.71% accuracy and 

an AUC of 0.68. The second model, using a Random Forest algorithm, predicted the 

emergence of moderate to very severe acute GVHD with 71.93% accuracy, 76.67% sensitivity, 

66.67% specificity, and an AUC of 0.78. Our models outperform most of the previously 

published models in terms of accuracy and AUC. Compared to the ML classifier developed by 

Chandra et al. (2024), which achieved 58% accuracy and 0.59 AUC for acute GVHD grade 

prediction (Grade 1 vs 2,3,4) (Chandra et al., 2024), our moderate to very severe acute GVHD 

prediction model demonstrated superior performance (Accuracy: 71.93%, AUC: 0.78). 

Similarly, Tang et al. developed a model to predict grade ≥ II acute GVHD using the 

demographical, clinical and vital features. The model’s AUC value was 0.659 which was lower 

than our model’s AUC value (0.78) (Tang et al., 2020). Likewise, Arai et al. built an alternating 

decision tree model using clinical and demographical features (HLA mismatch status, donor 

age, use of irradiation, underlying disease, and time from diagnosis to HSCT) to predict grade 

≥ II acute GVHD. The model achieved AUC of 0.616 which was also lower than our model’s 

AUC value (0.78) (Arai et al., 2019). However, Salehnasab et al. (2021) built a model (a 

extreme gradient boositing classifier using clinical, demographical, and laboratory features) 

with seemingly superior performance (accuracy: 90.70%, AUC: 0.91). It's important to 
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consider the limitations of their study. Their model development utilized data from only 182 

patients, which might negatively impact its generalizability (Salehnasab et al., 2021). 

 

Predictors of acute GVHD and moderate to very severe acute GVHD prediction model: 

 

Our acute GVHD prediction model identified CMV infection, ALL diagnosis, donor age, 

blood type mismatch, a cyclophosphamide plus TBI conditioning therapy, and conditioning 

therapy with busulfan+ cyclophosphamide as positive predictors of acute GVHD. Conversely, 

the amount of graft given to the recipient and the count of CD34 positive cells in the graft 

were negative predictors of acute GVHD.  

 

In the Random Forest model, positive predictors of moderate to very severe acute GVHD 

were TBI therapy, a higher number of mismatched loci, matched unrelated donor, and acute 

lymphoblastic leukemia diagnosis. Conversely, blood type mismatch, donor blood type of O+, 

and sibling donor were negative predictors of moderate to very severe acute GVHD. 

 

CMV infection has been established as a contributing factor for developing GVHD (Gale 

et al., 1987). Reactivation of latent CMV infection following allogeneic HSCT is linked to 

increased mortality (Akahoshi et al., 2022). In alignment with these findings, our study 

identified CMV infection history confirmed by serological tests as a significant positive 

predictor of acute GVHD. While CMV infection did not emerge as a negative predictor of 

survival in our survival prediction model, its established association with GVHD underscores 

the importance of CMV monitoring and prophylaxis in this patient population. 

 

The diagnosis of ALL emerged as a positive predictor of both acute and moderate to very 

severe GVHD in our models. This finding is unexpected, as while ALL is associated with 

lower survival rates (Jagasia et al., 2012), a direct link to GVHD has not been previously 

established (Lee et al., 2018). Furthermore, we did not identify any relationship between an 

ALL diagnosis and survival in our study. This apparent discrepancy between our findings on 

GVHD and survival, coupled with the absence of supporting evidence in the current literature, 

underscores the need for further investigation to elucidate the complex interplay between ALL 

and GVHD. 

 

While blood type mismatch is considered as a contributor to acute GVHD (Kimura et al., 

2008; Ludajic et al., 2009), the specific role of individual blood types in this relationship 
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remains unclear. Recent studies have challenged this notion, reporting no significant 

association between blood type mismatch and GVHD occurrence (Ciftciler et al., 2020; 

Damodar et al., 2017). Contrary to these findings, our analysis identified blood type mismatch 

as a positive predictor of GVHD, while also identifying blood type mismatch and donor blood 

type O+ as negative predictors of moderate-to-very-severe acute GVHD. These complex and 

seemingly contradictory results emphasize the necessity for further investigation. 

 

Increasing doses of TBI have been linked to an increased acute GVHD incidence 

(Przepiorka et al., 1999). Moreover, the timing of TBI administration within the conditioning 

regimen has been determined as a risk factor; patients receiving TBI prior to chemotherapy 

have a greater risk of grade ≥ II GVHD in comparison to those receiving TBI post-

chemotherapy (Kato et al., 2014). Additionally, conditioning regimens combining TBI and 

cyclophosphamide have been linked to higher rates of grade ≥ II GVHD in comparison to 

busulfan-cyclophosphamide regimens in individuals with CML (Kröger et al., 2001). 

Consistent with previous findings (Giebel et al., 2023), we identified conditioning therapy 

with cyclophosphamide + TBI as a positive predictor of acute GVHD. Interestingly, our 

analysis also identified conditioning therapy with busulfan + cyclophosphamide as a positive 

predictor of acute GVHD. Furthermore, TBI administration was found to be a positive 

predictor of moderate-to-very-severe (grade 2-4) acute GVHD in our study. These results 

highlight the complexity of conditioning regimens in influencing GVHD risk.. 

 

Eisner and August (1995) showed that higher donor age was linked to a higher acute 

GVHD incidence (Eisner & August, 1995). Similarly, Di Francesco et al. (2023) identified 

donor age greater than 40 as a variable linked to grade ≥ II acute GVHD (Di Francesco et al., 

2023). Consistent with these findings, our analysis also identified donor age as a positive 

predictor for the emergence of acute GVHD. However, SHAP analysis revealed a more 

complex relationship between higher donor age and the emergence of grade 2-4 acute GVHD, 

suggesting that its impact may depend on interactions with other factors (Figure 3.10). These 

results highlight the multifactorial nature of donor age as a contributing factor to acute GVHD. 

 

HLA matching is a primary determinant of acute GVHD following allogeneic HSCT 

(Kanda, 2013). Previous research demonstrated an association between the number of 

mismatched loci and grade 3-4 acute GVHD (Kawase et al., 2007). Aligned with these 

findings, our study identified the number of mismatched loci as a positive predictor of grade 

2-4 GVHD. 
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Our findings indicate that matched unrelated donors are linked to more severe acute 

GVHD compared to sibling donors, 95% of whom in our dataset are matched sibling donors. 

Similarly, Battipaglia et al. (2018) reported lower GVHD/relapse-free survival and a greater 

occurances of severe acute GVHD in AML patients transplanted with matched unrelated 

donors’ grafts in comparison to those receiving transplants from matched sibling donors. This 

difference was attributed to the presence of minor histocompatibility antigens (Battipaglia et 

al., 2018). Furthermore, Lu et al. (2021) observed that AML patients receiving grafts from 

matched unrelated donors faced higher rates of grade ≥ II and grade ≥ III acute GVHD 

compared to those with matched sibling donors (Lu et al., 2021). Minor antigen mismatches 

can persist despite HLA compatibility between unrelated donors and recipients. These minor 

mismatches may trigger stronger immune responses. In contrast, matched siblings are more 

likely to possess identical minor histocompatibility antigens (Martin et al., 2017), thereby 

reducing the risk of T cell-mediated immune responses targeting recipient tissues. 

 

We observed that both the total graft volume administered to the recipient and the CD34-

positive cells in the transplant were negative predictors of acute GVHD. Remberger et al. 

showed that greater doses of CD34-positive cell transplantation were linked to reduced acute 

GVHD incidence. This effect was attributed to the higher count of regulatory T cells within 

the graft, which modulate the T-cell response (Remberger et al., 2020). In our study, the higher 

graft volume administered to recipients likely correlated with a higher count of CD34-positive 

cells, which can explain our findings in light of the results reported in the previous study. 

 

4.3. Chronic GVHD prediction model 

 

Our chronic GVHD prediction model achieved 78.30% accuracy, 60.00% sensitivity, 

87.32% specificity, and an AUC of 0.75 (Table 3.4, Figure 3.12). Avni et al. developed a 

multivariate logistic regression model incorporating features such as alanine transaminase and 

circulating cell-free DNA (cfDNA) levels, which attained an AUC of 0.8, 86% specificity, and 

89% positive predictive value for chronic GVHD prediction (Avni et al., 2024). While the 

latter model demonstrated superior performance, its reliance on cfDNA, which may not be 

widely accessible in clinical settings, limits its broader applicability. 
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Predictors of chronic GVHD prediction model: 

 

Positive predictors of chronic GVHD in the Random Forest model (Figure 3.13) included 

sibling donor, busulfan-cyclophosphamide and cyclophosphamide-TBI conditioning 

therapies, the occurance and severity of acute GVHD, cyclosporine A + methotrexate GVHD 

prophylaxis, myeloablative conditioning therapy, female donor gender, and recipient blood 

type A+. Conversely, defibrotide prophylaxis, matched unrelated donor, and reduced-intensity 

conditioning therapy were negatively associated with chronic GVHD. 

 

Busulfan-cyclophosphamide conditioning emerged as a positive predictor of chronic 

GVHD in this study (Figure 3.13). These findings align with those of Uzay et al., who observed 

a rise in the rates of chronic GVHD in individuals receiving busulfan-based conditioning 

regimens compared to those undergoing treosulfan, attributing this to a potential post-

inflammatory effect of busulfan (Uzay et al., 2024). 

 

In our study, conditioning regimen using cyclophosphamide and TBI emerged as a 

positive predictor of chronic GVHD. This finding contrasts with the observations made by 

Giebel et al., who showed comparable chronic GVHD incidence between cyclophosphamide- 

TBI and fludarabine-TBI conditioning therapies (Giebel et al., 2023). Notably, the fludarabine-

TBI conditioning regimen did not emerge as a predictive variable for chronic GVHD in our 

analysis. Furthermore, a direct comparison between these two conditioning regimens was not 

conducted in our study, highlighting the need for further investigation to elucidate the 

underlying reasons for these findings. 

 

In our study, cyclosporine A + methotrexate prophylaxis emerged as a positive predictor 

of chronic GVHD. While Nagler et al. reported comparable chronic GVHD incidence between 

post-transplantation cyclophosphamide and cyclosporine A + methotrexate prophylaxis 

(Nagler et al., 2022), contrasting results were presented by Shouman et al., who observed  

higher rates of chronic GVHD in individuals receiving cyclophosphamide + cyclosporine A 

prophylaxis compared to cyclosporine A + methotrexate prophylaxis (Shouman et al., 2023). 

However, our study did not include direct comparisons between specific prophylaxis 

regimens, restricting our capability to make definitive determinations about the factors 

contributing to these discrepancies. Further research is warranted to clarify the influence of 

prophylaxis regimens on chronic GVHD risk. 
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In our study, myeloablative conditioning therapy emerged as a positive predictor of 

chronic GVHD, whereas reduced-intensity conditioning therapy was identified as a negative 

predictor. These findings align with the results of Couriel et al. (2004), who documented a 

higher occurance of chronic GVHD in individuals receiving myeloablative conditioning in 

comparison to those undergoing non-myeloablative therapies (Couriel et al., 2004). 

Conversely, Afram et al. (2018) demonstrated an increased chronic GVHD risk linked to 

reduced-intensity conditioning therapy (Afram et al., 2018). These results also contrast with 

those of Pérez-Simón et al. (2005), who found no substantial difference in chronic GVHD 

incidence between myeloablative and reduced-intensity regimens (Pérez-Simón et al., 2005). 

The discrepancy between our findings and those of previous studies can be attributed to 

variations in patient populations or study designs, warranting further investigation. 

 

We observed that sibling donors were a positive predictor of chronic GVHD, while 

matched unrelated donors were a negative predictor. This finding is intriguing, and Remberger 

et al. (2016) attributed a similar observation to the use of anti-thymocyte globulin in unrelated 

donor transplants, which depletes T cells within the graft (Remberger et al., 2016). 

Nevertheless, in our study, the relationship between type of donor and chronic GVHD might 

be influenced by other factors. In our study, sibling donor transplants were more frequently 

associated with myeloablative conditioning regimens (79.6% vs. 66.8%; p < 0.001), 

cyclosporine A + methotrexate prophylaxis (80.8% vs. 72.7%; p < 0.001), and female donors 

(45.5% vs. 34.3%; p < 0.001) compared to matched unrelated donors. All these factors were 

identified as positive predictors of chronic GVHD in our analysis (Figure 3.13). In contrast, 

matched unrelated donor transplants were more commonly associated with defibrotide 

prophylaxis (41.7% vs. 20.2%; p < 0.001) compared to sibling donors, and defibrotide 

prophylaxis was identified as a negative predictor of chronic GVHD (Figure 3.13). These 

findings highlight the complex interplay of donor type, conditioning regimens, prophylaxis 

strategies, and donor characteristics in influencing chronic GVHD risk, warranting further 

investigation. 

 

In our study, prior acute GVHD and grade >1 acute GVHD emerged as positive predictors 

of chronic GVHD. These findings align with previous study demonstrating a profound 

connection between acute and chronic GVHD. Ozawa and colleagues emphasized that a prior 

acute GVHD significantly increases the chronic GVHD risk, with a greater likelihood for 

grade > 1 compared to grade 1 (Ozawa et al., 2007). Furthermore, Arora et al. found that 
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children who experienced acute GVHD were more likely to face with chronic GVHD after 

receiving a haploidentical HSCT (Arora et al., 2024). 

 

Our study unexpectedly found that recipients with blood type A+ had a greater risk of 

developing chronic GVHD. This finding diverges from the established knowledge about the 

relationship between blood type and chronic GVHD, as no prior studies have reported such an 

association. Furthermore, researchers like Damodar et al. (2017) found no significant link 

between blood type mismatch and the occurrence of chronic GVHD (Damodar et al., 2017). 

The underlying mechanisms for this novel observation remain unclear and warrant further 

investigation. 

 

Defibrotide, with its antithrombotic effects, utilized to treat VOD, a complication of 

allogeneic HSCT (Richardson et al., 2018). While studies in pediatric HSCT patients have 

shown a reduced acute GVHD incidence with defibrotide prophylaxis in comparison to 

controls, no such protective effect was observed for chronic GVHD (Corbacioglu et al., 2012; 

Squillaci et al., 2023). This aligns with the understanding that defibrotide's endothelial 

protective and anti-inflammatory effects primarily mitigate acute GVHD (Corbacioglu et al., 

2012). Interestingly, despite the lack of prior evidence supporting its impact on chronic GVHD 

incidence, our study identified defibrotide prophylaxis as a negative predictor of chronic 

GVHD. This unexpected finding requires further investigation to explore the potential 

mechanisms through which defibrotide may influence chronic GVHD risk and its role in 

prevention strategies. 

 

In our study, female donor gender was identified as a positive predictor of chronic GVHD. 

This finding aligns partially with previous research by Kanda et al., who showed increased 

chronic GVHD incidence in transplantations where a female donor provided grafts to male 

recipients, relative to male donor-female recipient pairings (Kanda et al., 2014). While our 

SHAP analysis highlighted female donor gender as a positive predictor, the absence of a 

significant impact of gender mismatch in our model prevents drawing definitive conclusions 

about the role of specific gender combinations in chronic GVHD development. More 

investigation is warranted to elucidate the complex interplay between donor and recipient 

gender in this context. 

 

We additionally developed a proof-of-concept web-based application (https://hsct-

outcome.streamlit.app) that allows users to input variables and obtain predicted outcomes. 

https://hsct-outcome.streamlit.app/
https://hsct-outcome.streamlit.app/


 42 

Currently, this application is intended for research use only. However, following training with 

larger datasets and further external validation, it has the potential to become a valuable clinical 

decision support tool.  

 

4.4. Limitations 

 

The generalizability of our machine learning models is contingent upon external 

validation, which involves assessing model performance on an independent dataset from a 

different population or institution. Due to the absence of an external validation dataset in the 

present study, the generalizability of our models remains to be established. Future research 

should prioritize external validation to enhance the model's applicability.  

 

Additionally, the presence of missing data in our allo-HSCT dataset reduced the sample 

size, particularly for the moderate-to-severe acute GVHD prediction model. A larger dataset 

would likely increase the model's predictive ability by providing more robust training and 

validation opportunities. Although data imputation was used to address some missing values, 

this approach may affect the interpretability and performance of the models. Addressing these 

limitations in future studies will be crucial for improving model accuracy and clinical 

relevance. 
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5. CONCLUSION AND RECOMMENDATIONS 
 

In this study, we developed ML models to predict critical outcomes following allogeneic 

HSCT. While these models demonstrate promising proof-of-concept results, their 

generalizability and predictive performance could be further improved through external 

validation and access to larger, more diverse datasets. These efforts will be crucial for refining 

the models and ensuring their applicability across varied clinical contexts. 
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