
1

Vol.:(0123456789)

Scientific Reports |        (2023) 13:16790  | https://doi.org/10.1038/s41598-023-43950-w

www.nature.com/scientificreports

A pilot study of implication 
of machine learning for relapse 
prediction after allogeneic 
stem cell transplantation 
in adults with Ph‑positive acute 
lymphoblastic leukemia
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Tatiana L. Gindina , Ivan S. Moiseev  & Sergey N. Bondarenko 

The posttransplant relapse in Ph‑positive ALL increases the risk of death. There is an unmet need 
for instruments to predict the risk of relapse and plan prophylaxis. In this study, we analyzed 
posttransplant data by machine learning algorithms. Seventy‑four Ph‑positive ALL patients with a 
median age of 30 (range 18–55) years who previously underwent allo‑HSCT, were retrospectively 
enrolled. Ninety‑three percent of patients received prophylactic/preemptive TKIs after allo‑HSCT. 
The values of the BCR::ABL1 level at serial assessments and over variables were collected in specified 
intervals after allo‑HSCT. They were used to model relapse risk with several machine‑learning 
approaches. GBM proved superior to the other algorithms and provided a maximal AUC score of 0.91. 
BCR::ABL1 level before and after allo‑HSCT, prediction moment, and chronic GvHD had the highest 
value in the model. It was shown that after Day + 100, both error rates do not exceed 22%, while 
before D + 100, the model fails to make accurate predictions. As a result, we determined BCR::ABL1 
levels at which the relapse risk remains low. Thus, the current BCR::ABL1 level less than 0.06% in 
patients with chronic GvHD predicts low risk of relapse. At the same time, patients without chronic 
GVHD after allo‑HSCT should be classified as high risk with any level of BCR::ABL1. GBM model with 
posttransplant laboratory values of BCR::ABL1 provides a high prediction of relapse after allo‑HSCT in 
the era of TKIs prophylaxis. Validation of this approach is warranted.

Philadelphia chromosome-positive (Ph-positive) acute lymphoblastic leukemia (ALL) is the most common 
subtype of ALL in adults, characterized by the abnormal formation of the Philadelphia chromosome, which leads 
to the development of the BCR::ABL1 gene with increased activity. The prognosis of these patients has changed 
dramatically since the successful incorporation of tyrosine kinase inhibitors (TKIs) into chemotherapy  regimens1. 
At the same time, allogeneic hematopoietic stem cell transplantation (allo-HCT) is considered to improve the 
outcomes. It remains the standard consolidation strategy for achieving long-term survival according to current 
international recommendations, such as National Comprehensive Cancer Network (NCCN) (Version 1.2022) 
and European Bone Marrow Transplantation  guidelines2–4. Unlike TKIs, allo-HSCT represents a multimodal 
immune therapy with 5-year overall survival (OS) rates ranging from 35 to 61%5–8. Despite the promising results 
achieved, relapse after allo-HSCT remains an unsolved problem. Historically, in case of posttransplant relapse, 
the prognosis of patients was extremely poor, and 1-year OS was about 10–20%. Salvage chemotherapy, donor 
lymphocyte infusions (DLIs), second allo-HSCT, TKIs with broader activity (second and third generations), 
monoclonal antibodies, and CAR-T therapy can be used as the potential options for relapse. Initial attempts are 
also being made to use asciminib in combination with TKIs to overcome the resistance of cell  subclones9–11. The 
latest data of Acute Leukemia Working Party (ALWP) of the EBMT demonstrates that with the improvement 
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of transplant-related factors, posttransplant salvage, and supportive care, the 2-year OS after relapse increased 
from 27.8% for patients relapsing between 2000 and 2004 to 54.8% for 2015 and 2019 (p = 0.001)12, which means 
that only half of the relapsed patients can be cured from the first posttransplant relapse. Thus, the strategy not to 
treat but to prevent posttransplant relapse seems more promising, but there is no standard approach. Nonethe-
less, most centers found a positive impact of posttransplant TKIs  administration13–15. Moreover, there is no clear 
understanding of which clinical factors after allo-HSCT play a role in the development of relapse. For instance, 
BCR::ABL1 fluctuation after allo-HSCT in the context of posttransplant prophylactic TKIs administration is still 
a question. Thus, it seems optimistic and necessary to develop tools for calculating the risk of posttransplant 
relapse based on clinical and laboratory characteristics of the disease after allo-HSCT.

High sensitivity of a quantitative polymerase chain reaction (QT-PCR) makes it possible to change the treat-
ment strategy before the development of relapse after allo-HSCT. However, there is a group of patients in whom 
molecular relapse and further fluctuation of BCR::ABL1 do not lead to a hematological relapse, which may be 
due to graft-versus-leukemia (GvL) effect. Standard statistical approaches have limited predictive power with 
longitudinal data. Several techniques may be applied for the classification of such data. One of these tools is 
the machine learning analytic approach that specializes in integrating of multiple risk factors into a predictive 
tool. Given the high variability of individual outcomes after allo-HCT and the importance of optimal patient 
management, we hypothesized that machine learning models may be precise, facilitate time-dependent relapse 
risk prediction after allo-HCT and support treatment decisions. This pilot study aims to apply modern machine 
learning approaches for building relapse predicting model in adult Ph-positive ALL patients after allo-HCT.

Materials and methods
This single-center study was conducted with the retrospective cohort of 74 Ph-positive ALL patients who 
received allo-HSCT at RM Gorbacheva Research Institute, Pavlov University, between 2008 and 2021. Diag-
nosis of Ph-positive ALL was made according to 2016 World Health Organization criteria. Inclusion criteria 
were: 1. Age ≥ 18 years at allo-HSCT; 2. Patients undergoing first allo-HSCT and have follow-up to Day + 100 
after allo-HSCT; 3. Engraftment and donor chimerism. 4. Complete clinical data and outcome data available; 
5. Available data about BCR::ABL1 levels at different time intervals after allo-HSCT. The study was approved 
by the Pavlov University Ethical Committee and conducted ethically following the World Medical Association 
Declaration of Helsinki. All patients provided written informed consent to use their medical and personal data 
for research purposes.

The Consensus Conference criteria were used for acute graft-versus-host disease (GVHD) grading, and 
National Institutes of Health criteria were used for chronic GVHD  grading16,17. Myeloablative conditioning 
(MAC) was performed with FB4 or treosulfan ≥ 42 g/m2. Reduced-intensity conditioning (RIC) included FB2-3 
conditioning or melphalan doses of ≥ 140 mg/m2. The time intervals of data collection represent standard prac-
tices for bone marrow aspirations after allo-HCT.

Complete remission (CR) was defined as blast cell ratio < 5% at the ANC counts of > 1 × 10*9/L and platelet 
numbers of > 100 × 10*9/L. Molecular response (MR) or minimal residual disease (MRD) negativity was defined 
as undetectable BCR::ABL1 transcript level determined by Real-time qPCR. MRD was defined as detectable 
BCR::ABL1 p210 or p190 transcript level after remission induction or relapse treatment and was assessed for 
patients in CR only. BCR::ABL1 level is presented as a relative percent per xABL1 copies. A relapse was defined 
as the presence of > 5% of clonal blasts in bone marrow or any extramedullary site in the patients with previously 
documented CR.

Conventional cytogenetic analysis was used to evaluate of chromosome aberrations at diagnosis or dur-
ing follow-up. Karyotypes were described according to an International System for Human Cytogenomic 
 Nomenclature18. The interphase blast cells were evaluated using fluorescence in situ hybridization (FISH) probes 
designed for the detection of (9;22) translocation. Relative expression levels of BCR::ABL1 for p190 and p210 
were measured using the standard qPCR approach and calculated as BCR::ABL1 level/ABL1 level*100%. The 
ABL1 gene was used for normalization of the results. The samples with at least > 10,000 copies of the reference 
ABL1 gene per reaction were considered valid.

OS was defined as the probability of survival, irrespective of the disease status, at any time point after allo-
HSCT. RFS was defined as the probability of survival without relapse at any time point after allo-HSCT. Prob-
abilities of OS and RFS were calculated using the Kaplan–Meier Method. The comparisons were made using 
the log-rank test. P-values are two-sided with a type 1 error rate fixed at 0.05. When RFS was calculated, death 
and relapse were defined as events. The RI was defined as cumulative incidence of disease relapse after allo-
HSCT. NRM was defined as the cumulative probability of death without a relapse after allo-HSCT. Analysis of 
time-dependent variables, such as RI, NRM and GvHD incidence, were calculated using cumulative incidence 
estimates with a competing risk setting using the Fine and Grey test. A competing risk of RI was death without 
relapse and a competing risk of NRM was relapse, respectively. A competing risk of chronic GvHD was death 
without chronic GvHD. Patients alive at the end of the follow-up were censored at this date.

The secondary endpoint was to build a visual model for predicting relapse based on machine-learning 
approach. The methodology of the machine learning process is presented in the online Supplementary.

Statistical analyses were performed with EZR free statistical environment, version 2.15.2 (R Foundation for 
Statistical Computing, Vienna, Austria). Machine learning models were developed using R package caret v.6.0-
90. (R Development Core Team, Vienna, Austria).
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Results
A total of 74 Ph-positive ALL patients with a median age of 30.5 (range 18–55) years were retrospectively 
included in the study. The median follow-up time was 26 (range 1.0–116.0) months for the patients who were 
still alive at the end of the study. Most of the allo-HSCT were performed in CR1 from matched unrelated donors 
(MUD) with RIC regimens and posttransplant cyclophosphamide GvHD prophylaxis. Most patients (n = 53, 
82%) received posttransplant TKIs with the prophylactic aim. The median time from allo-HSCT to first relapse 
was 8 (range 3–63) months. Two (2.7%) patients had a relapse during the first 100 days after allo-HSCT. Relapse 
occurred in 25 (34%) of the patients: among them, isolated neuroleukemia developed in 2 (3%), other variants 
of extramedullary relapse in 3(4%), combined (CNS + bone marrow + other extramedullary) relapse in 3 (4%). 
Six (8%) patients experienced more than one relapse. By the end of the analysis, 53 patients (72%) were alive. It 
is essential to mention that relapse was the leading cause of death (n = 14, 67%) after allo-HSCT. The proportion 
of patients with mild chronic GvHD was 10 (14%), moderate chronic GvHD 11 (15%) and severe chronic GvHD 
11 cases (15%). Other baseline characteristics of the patients and transplant procedure are presented in Table 1.

The cumulative incidence of relapse and NRM at five years were 38.8% (95% CI 26.3–51.3) and 10.0% (95% 
CI 2.2–17.8), respectively. The Kaplan–Meier OS estimate at five years was 67.7% (95% CI 55.4–80.0), and the 
estimate of RFS at five years was 55.0% (95% CI 42.7–76.3). The cumulative incidence of NIH-defined chronic 
GVHD was 46.4% (95% CI 33.9–58.0%), with a median onset time of 199 (range 101–1041) days. The disease 
status was a significant risk factor for NRM and amounted to 7.0% (95% CI 3.0–10.9%) in CR1 versus 19.0% (95% 
CI 2.8–35.1%) in other statuses (p = 0.05). Primary analysis of factors influencing RI and RFS was performed 
in univariate analysis for patients who were transplanted in CR. Among factors that decreased the probability 
of RFS are disease status beyond CR1, MRD-positive status prior to allo-HSCT, and lack of TKIs prophylaxis 
after allo-HSCT (p < 005).

To create a tool for relapse prediction, we included in the model time intervals between allo-HSCT and 
prediction moment, BCR::ABL1 expression level at prediction moment, therapy after allo-HSCT, the highest 
BCR::ABL1 expression level before prediction moment, and the chronic GvHD status before prediction. For the 
analysis, all TKIs were divided into two groups TKIs1: imatinib, TKIs2—other TKIs, regardless of generation. 
All time intervals for which BCR::ABL1 level values had been collected were grouped into three significant time 
intervals: before Day + 100, Day + 100–250 and after Day + 250 solely for data presentation.

To build a classification model, four classification algorithms were applied: Logistic regression, Random 
Forest, Support vectors machine, and Gradient Boosting Method (GBM). The resulting ROC curve for the 
most effective classification models is shown in Fig. 1A. Classification accuracy is a metric used to evaluate the 
performance of a model based on the predicted class labels and is a good starting point for many classification 
tasks. AUC (areas under curves) is another effective indicator for assessing the prediction model’s discrimina-
tion. GBM provided a maximal AUC score (0.91) in our group. For this, a decision-making threshold may be 
adjusted to obtain a specificity of about 0.75 and a sensitivity of about 0.91. This means that using GBM, we have 
an opportunity to predict a relapse with a sensitivity of 0.91, i.e., predicting a relapse in those who will experience 
it (true positive rate) and 25%—the fraction of patients in whom it actually will not occur (1—false positive rate). 
The median time from prediction moment to relapse was 108 days (range 15–491).

In our model highest BCR::ABL1 level, the time of prediction moment, chronic GvHD, and current 
BCR::ABL1 level have the most robust importance (Fig. 1B). At the same time, TKIs prophylaxis turned out to 
be a less significant factor, which may be a consequence of the fact that the majority of the patients received TKIs, 
and the group was homogeneous in terms of this variable (Fig. 1B; Supplementary material, Fig. S1).

When analyzing the model accuracy, false-negative and false-positive rate errors were estimated for the three 
ranges of prediction moments as mentioned above (Fig. 1C). It was determined that after Day + 100, both error 
rates do not exceed 22%. In contrast, before Day + 100, the model fails to make an accurate prediction based on 
the independent variables used.

The following guiding maps were calculated for practical decision-making process using this model (Fig. 1D). 
The color of the area corresponds to the probability of relapse. The scale «current BCR::ABL1» and «high-
est preceding BCR::ABL1», which also includes MRD levels before allo-HSCT, show the relative values   of the 
BCR::ABL1 transcript after allo-HSCT. According to the map, depending on the presence or absence of chronic 
GVHD and the definite levels   of the BCR::ABL1, the patient can be assigned to a group of high (the relapse risk 
is over 20%) or low (the relapse risk is less 20%) risk of relapse. Thus, since day + 100 after allo-HSCT the patients 
with chronic GvHD and current BCR::ABL1 level equal to or higher than 0.06% can be classified as high risk of 
relapse. If such a patient has current BCR::ABL1 level less than 0.06% and simultaneously he had had BCR::ABL1 
level equal to or higher than 0.11% previously at any time after allo-HSCT, he is also at a high risk of relapse. At 
the same time, if the patient had no chronic GVHD after allo-HSCT till the prediction moment, he should be 
classified to a high risk group at any BCR::ABL1 level. According to the data, in the context of either prophylaxis 
or preemptive TKIs, the group of patients which is not required additional treatment or intervention after allo-
HSCT in case of BCR::ABL1 appearance can be defined.

Discussion and conclusion
Despite improvement in outcomes in recent years, high RI rates after allo-HSCT remain the leading cause of 
transplant failure and limit the curative potential of this  therapy19. For the Ph-positive ALL group, the impact of 
various factors that have a negative influence on the prognosis of the disease, such as additional chromosomal 
abnormalities, a mutational profile outside the BCR::ABL1 gene and several others were previously  described20–22. 
However, there is limited data on the effect of these factors in the context of chronic GVHD and posttransplant 
TKIs prophylaxis. Also, pre-transplant factors only usually have low predictive power.
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Table 1.  Characteristics of the patients and allo-HSCT. MUD matched unrelated donor, MRD matched 
related donor, PBSC peripheral blood stem cells, PtCy posttransplant cyclophosphamide, ATG  anti-thymocyte 
globulin, TCR αβ-depletion T cell receptor alpha/beta-depletion.

Characteristics N (%)

Gender

Male 47 (64)

Female 27 (36)

Protein type

P190 60 (81)

P210 14 (19)

Status of the disease

CR1 51 (69)

CR2 12 (16)

 ≥ CR3 5 (7)

Active disease 6 (8)

MRD status

MRD-positive 35 (51)

MRD-negative 33 (49)

TKIs prior to allo-HSCT (first or second generation)

Yes 70 (95)

No 4 (5)

Donor

MUD 45 (61)

MRD 17 (23)

Haploidentical 12 (16)

Graft source

Bone Marrow 19 (26)

PBSC 55 (74)

Conditioning regimen

MAC 18 (24)

RIC 29 (40)

Non-MAC 27 (36)

GvHD prophylaxis

PtCy-based 55 (75)

ATG-based 9 (12)

TCR αβ-depletion 4 (5)

Other 6 (8)

TKIs after allo-HSCT

Imatinib 31 (42)

Dasatinib 28 (37)

Bosutinib 2 (3)

Nilotinib 1 (2)

Switch to another TKIs 3 (4)

No TKIs 9 (12)

Purpose of TKIs administration

Prophylactic 53 (82)

Preemptive 7 (11)

Relapse treatment 5 (7)

TKIs in combination with

Donor lymphocytes infusion (DLI) 9 (14)

Radiation therapy 1 (2)

Endolumbar cytostatic injections 3 (4)

Surgical treatment (orchiectomy) 2 (3)

TKIs as a sole agent 50 (77)

Type of relapse after allo-HSCT

Isolated bone marrow 17 (23)

With extramedullary organs (CNS or testicles) 8 (11)

Chronic «graft-versus-host» disease

Yes (any grade) 32 (43)

No 42 (57)



5

Vol.:(0123456789)

Scientific Reports |        (2023) 13:16790  | https://doi.org/10.1038/s41598-023-43950-w

www.nature.com/scientificreports/

A machine learning is a data-driven analytic approach that allows several factors to be integrated into a predic-
tive model. It has been successfully used in several cancers, including adult leukemia, and predicts relapse and 
survival in different  settings23–26. We performed the retrospective study based on machine learning technolo-
gies of developing an empirical model using existing clinical and specific molecular time-dependent variables 
associated with Ph-positive ALL. The model may help physicians to react earlier to critical events and to predict 
relapse after allo-HSCT in the context of TKIs maintenance.

Most of the models in the field of allo-HSCT that use pretransplant data, even with neural network training, 
have low predictive ability (typically AUC 0.6–0.75), which is the main obstacle for their clinical  application27–30. 
At the same time, certain studies focus not on outcomes but on the prediction of donors’ availability with an AUC 
of 0.82631. On the other hand, the problem of relapses was addressed by several studies with machine learning 
methods in pediatric  ALL32,33. In some of them, the AUC reaches acceptable for practical application levels: in the 
study by Pan et al., the model demonstrated a high AUC level of 0.90434. Interestingly, the number of studies based 
on posttransplant variables is even more limited: in one of them by Eisenberg et al., machine models provided 
well-calibrated, time-dependent risk predictions and achieved appropriate levels of AUC of 0.92 and 0.83 for 
prediction of mortality and CMV reactivation, respectively, in a 21-day time window after allo-HSCT35. However, 
to our knowledge, there are no reliable machine-learning approaches to predict relapse in adult Ph-positive ALL 
patients after allo-HSCT. We built the prediction model and created an illustrated map for both posttransplant 
bone marrow and combined relapses with the extramedullary involvement with high sensitivity and reasonable 

Figure 1.  (A) Various machine-learning algorithms used. (B) Variable importance plot for the GBM 
algorithm. (C) Error plot for the GBM algorithm. (D) Guiding map (visualization of relationship between 
relapse probability and factors values). Notes: (B) Variable importance plot provides a list of the most significant 
variables in descending order: the top variables contribute more to the model than the bottom ones and have 
high predictive power in classifying default and non-default customers. (D) Each color corresponds to a certain 
risk of relapse: black area corresponds to the risk of relapse from 0 to 10%, aquamarine area—from 10 to 20%, 
jade areas—from 20 to 30%, green area—from 30 to 50%, yellow area—from 50 to 100%.
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specificity based on the relatively limited group of patients with TKIs maintenance, which accurately predicts 
relapses in the interval of Day + 100–250 when most of the relapses occur.

It should be noted that a precise clinical strategy regarding the posttransplant TKIs prophylaxis has still not 
been described. Most of the surveys confirm the positive impact of posttransplant TKIs prophylaxis despite con-
troversial data obtained in other  studies14,15,36–42. We also found a beneficial effect of prophylactic use of TKIs after 
allo-HSCT in our test cohort of patients. Moreover, it was described previously that TKIs prophylaxis improves 
long-term RFS and alleviates the negative impact of MRD on the outcomes in Ph-positive ALL adult  patients43. 
As we demonstrated, the therapy (TKIs1/TKIs2) is the least important variable in this model, which may be 
because more significant proportion of patients (82%) in the study received prophylactic TKIs after allo-HSCT.

Situations of high relapse risk require additional medical intervention to prevent relapse: there are several 
treatment options in case of posttransplant relapse. It is known that with salvage conventional chemotherapy 
the CR rate is low (30–40%). Also poor long-term outcome can be  expected44–46. Nowadays, the best option of 
relapse treatment consists of the change of TKIs according to the mutation profile or use of immunotherapy. If 
no mutation analysis could be performed, using third generation TKIs is the best option because T351I posi-
tive relapses accounted for 71% of all  relapses47. Moreover, immunotherapy with blinatumomab has proven to 
be effective as a single drug in r/r Ph-positive ALL in the Phase II ALCANTARA study. It showed promising 
results with a median OS of 7.1 months and RFS of 6.7 months, 16 out of the 45 (36%) patients achieved CR, 
14 (86%) patients achieved complete molecular remission (CMR)48. In the Phase III randomized INO-VATE 
study, inotuzumab ozogamicin showed favorable rates of CR compared to standard chemotherapy (78.6% vs. 
44.4%, p = 0.08)47. There are also several studies revealing the efficacy of the combination of blinatumomab and 
a second or third generation TKIs, which demonstrate reasonable clinical outcomes. When using the combina-
tion of blinatumomab and ponatinib, CR and CMR rates were 96.2% and 88.5%, respectively. The 2-year OS and 
RFS rates were 41.4%, and 31.8%49. Another potential treatment option is CAR-T therapy. Thus, in the Phase II 
ELIANA trial, which enrolled 75 children and adolescents with r/r B-ALL, the CR rate was 81%, and 1-year OS 
and DFS were 76% and 50%, respectively. Several patients with Ph-positive ALL were enrolled in these trials, 
but no subgroup analysis is  available50. By now, further investigations are needed for Ph-positive ALL patients 
in the area of CAR-T cells. Taking into account the above, it should be noted that immunotherapy may represent 
an encouraging prospect not only in treatment but also in the prevention of posttransplant relapse in the setting 
of TKIs maintenance. Blinatumomab is currently registered for the treatment of MRD-positive status. Further-
more, there are already ongoing studies on the effectiveness of blinatumomab after allo-HSCT as  maintenance51.

Fluctuations of BCR::ABL1 in Ph-positive malignancies may occur after transplantation. Though the criteria 
of molecular relapse is defined as detectable BCR::ABL1 transcript level by Real-time qPCR confirmed by at least 
two consecutive tests after previous molecular response. No recommendations exist on the critical BCR::ABL1 
that should be considered as molecular relapse and require intervention. In the setting of prophylaxis/preemptive 
TKIs we observed that low-level fluctuations do not necessarily lead to a relapse and do not require additional 
treatment. Moreover, chronic GVHD allows more significant fluctuations, which confirms GvL for this type of 
blood  cancer52,53.

At the same time, there are several significant limitations: despite the fact we get rather high AUC in the 
model, it is very likely that the sensitivity of the model will rise additionally, if we increase the patient population. 
In performed analysis the number of included patients is limited by the study inclusion criteria and prevalence 
of the disease in population, which makes it difficult to form a validation cohort for cut-off levels of BCR::ABL1. 
Due to these reasons only cross-validation has been performed at the current step of research. A multicenter 
validation is required to confirm the results of this study, but it seems difficult to organize because there are no 
p190 interlaboratory validation standards as for  p21054. Thus, even cut-off values obtained in a centralized labo-
ratory will not apply to local standards. If a larger group of patients is recruited, a sort of medical calculator can 
be created for the routine practice after validation. Second limitation is that the independent variables applied 
do not allow the model to predict isolated extramedullary relapses (which accounts for 7% in our cohort). At the 
same time, according to the literature data, the incidence of posttransplant isolated extramedullary relapses is 
relatively high. It varies from 5 to 15% in ALL  patients46,55–58, which poses a significant challenge for physicians 
because of limited treatment options and low response rates in this refractory subgroup. For these patients, it is 
necessary to apply other variables based on the data of lumbar punctures and instrumental methods of research 
(magnetic resonance imaging, ultrasound, PET-CT and others).

In conclusion, this study identified that machine learning can be used for prediction of the posttransplant 
relapses in Ph-positive ALL. The study highlights that with TKIs prophylaxis, low-levels of BCR::ABL1 transcript 
fluctuations do not lead to relapse in some cases: it seems that patients who have chronic GvHD, do not require 
additional posttransplant therapy when low-levels of BCR::ABL1 appears. On the contrary, even low levels of 
BCR::ABL1 require augmented therapy if there is no chronic GvHD. This is a pilot study that was carried out 
as a proof of concept for the subsequent initiation of similar research in multicenter setting. It seems that the 
validation of the model is possible only in cooperative group research.

Data availability
All data generated or analyzed during this study are included in this article. Further enquiries can be directed 
to the corresponding author.

Received: 19 March 2023; Accepted: 30 September 2023



7

Vol.:(0123456789)

Scientific Reports |        (2023) 13:16790  | https://doi.org/10.1038/s41598-023-43950-w

www.nature.com/scientificreports/

References
 1. Yilmaz, M., Kantarjian, H., Ravandi-Kashani, F., Short, N. J. & Jabbour, E. Philadelphia chromosome-positive acute lymphoblastic 

leukemia in adults: Current treatments and future perspectives. Clin. Adv. Hematol. Oncol. 16, 66 (2018).
 2. Snowden, J. A. et al. Indications for haematopoietic cell transplantation for haematological diseases, solid tumours and immune 

disorders: Current practice in Europe, 2022. Bone Marrow Transplant 2022, 1–23. https:// doi. org/ 10. 1038/ s41409- 022- 01691-w 
(2022).

 3. Duarte, R. F. et al. Indications for haematopoietic stem cell transplantation for haematological diseases, solid tumours and immune 
disorders: Current practice in Europe, 2019. Bone Marrow Transplant 54, 1525–52. https:// doi. org/ 10. 1038/ s41409- 019- 0516-2 
(2019).

 4. Guidelines Detail. https:// www. nccn. org/ guide lines/ guide lines- detail? categ ory= 1& id= 1410 (пpocмoтpeнo 10 мaй 2022 г.).
 5. Mizuta, S. et al. Pre-transplant imatinib-based therapy improves the outcome of allogeneic hematopoietic stem cell transplantation 

for BCR-ABL-positive acute lymphoblastic leukemia. Leukemia 25, 41–47. https:// doi. org/ 10. 1038/ LEU. 2010. 228 (2011).
 6. Dombret, H. et al. Outcome of treatment in adults with Philadelphia chromosome-positive acute lymphoblastic leukemia–results 

of the prospective multicenter LALA-94 trial. Blood 100, 2357–66. https:// doi. org/ 10. 1182/ BLOOD- 2002- 03- 0704 (2002).
 7. Fielding, A. K. et al. Prospective outcome data on 267 unselected adult patients with Philadelphia chromosome-positive acute 

lymphoblastic leukemia confirms superiority of allogeneic transplantation over chemotherapy in the pre-imatinib era: Results 
from the International ALL T. Blood 113, 4489–4496. https:// doi. org/ 10. 1182/ BLOOD- 2009- 01- 199380 (2009).

 8. Chalandon, Y. et al. Randomized study of reduced-intensity chemotherapy combined with imatinib in adults with Ph-positive 
acute lymphoblastic leukemia. Blood 125, 3711–9. https:// doi. org/ 10. 1182/ BLOOD- 2015- 02- 627935 (2015).

 9. Eide, C. A. et al. Combining the allosteric inhibitor asciminib with ponatinib suppresses emergence of and restores efficacy against 
highly resistant BCR-ABL1 mutants. Cancer Cell 36, 431-443.e5. https:// doi. org/ 10. 1016/J. CCELL. 2019. 08. 004 (2019).

 10. Luskin, M. R. et al. A Phase I study of asciminib (ABL001) in combination with dasatinib and prednisone for BCR-ABL1-positive 
ALL in adults. Blood 138, 2305–2305. https:// doi. org/ 10. 1182/ BLOOD- 2021- 149225 (2021).

 11. Zerbit, J. et al. Asciminib and ponatinib combination in Philadelphia chromosome-positive acute lymphoblastic leukemia. Leuk. 
Lymphoma 62, 3558–3560. https:// doi. org/ 10. 1080/ 10428 194. 2021. 19667 87 (2021).

 12. Bazarbachi, A. et al. 20-Year steady increase in survival of adult patients with relapsed Philadelphia-positive acute lymphoblastic 
leukemia post allogeneic hematopoietic cell transplantation. Clin. Cancer Res. 28, 1004–1012. https:// doi. org/ 10. 1158/ 1078- 0432. 
CCR- 21- 2675/ 675556/ P/ 20- YEAR- STEADY- INCRE ASE- IN- SURVI VAL- OF- ADULT (2022).

 13. Giebel, S. et al. Use of tyrosine kinase inhibitors to prevent relapse after allogeneic hematopoietic stem cell transplantation for 
patients with Philadelphia chromosome-positive acute lymphoblastic leukemia: A position statement of the Acute Leukemia 
Working Party of the European Society for Blood and Marrow Transplantation. Cancer 122, 2941–2951. https:// doi. org/ 10. 1002/ 
CNCR. 30130 (2016).

 14. Saini, N. et al. Impact of TKIs post–allogeneic hematopoietic cell transplantation in Philadelphia chromosome–positive ALL. 
Blood 136, 1786–1789. https:// doi. org/ 10. 1182/ BLOOD. 20190 04685 (2020).

 15. Liu, H. et al. A new pre-emptive TKIs strategy for preventing relapse based on BCR/ABL monitoring for Ph+ALL undergoing 
allo-HCT: A prospective clinical cohort study. Leuk 35, 2054–63. https:// doi. org/ 10. 1038/ s41375- 020- 01090-4 (2020).

 16. Przepiorka, D. et al. Consensus conference on acute GVHD grading. Bone Marrow Transplant 15, 825–8 (1994).
 17. Jagasia, M. H. et al. National Institutes of Health Consensus Development Project on criteria for clinical trials in chronic graft-

versus-host disease: I. The 2014 Diagnosis and Staging Working Group report. Biol. Blood Marrow Transplant 21, 389-401.e1. 
https:// doi. org/ 10. 1016/J. BBMT. 2014. 12. 001 (2015).

 18. McGowan-Jordan, J., Simon, A. & Schmid, M. An International System for Human Cytogenetic Nomenclature (Karger, 2016).
 19. Gökbuget, N. et al. Outcome of relapsed adult lymphoblastic leukemia depends on response to salvage chemotherapy, prognostic 

factors, and performance of stem cell transplantation. Blood 120, 2032–41. https:// doi. org/ 10. 1182/ BLOOD- 2011- 12- 399287 
(2012).

 20. Shi, T. et al. Adult Ph-positive acute lymphoblastic leukemia-current concepts in cytogenetic abnormalities and outcomes. Am. J. 
Cancer Res. 10, 2309–2318 (2020).

 21. Fedullo, A. L. et al. Prognostic implications of additional genomic lesions in adult Philadelphia chromosome-positive acute 
lymphoblastic leukemia. Haematologica 104, 312–318. https:// doi. org/ 10. 3324/ HAEMA TOL. 2018. 196055 (2019).

 22. Soverini, S. et al. Unraveling the complexity of tyrosine kinase inhibitor-resistant populations by ultra-deep sequencing of the 
BCR-ABL kinase domain. Blood 122, 1634–1648. https:// doi. org/ 10. 1182/ BLOOD- 2013- 03- 487728 (2013).

 23. Eckardt, J. N., Bornhäuser, M., Wendt, K. & Middeke, J. M. Application of machine learning in the management of acute myeloid 
leukemia: Current practice and future prospects. Blood Adv. 4, 6077–6085. https:// doi. org/ 10. 1182/ BLOOD ADVAN CES. 20200 
02997 (2020).

 24. Xu, Y., Ju, L., Tong, J., Zhou, C. M. & Yang, J. J. Machine learning algorithms for predicting the recurrence of stage IV colorectal 
cancer after tumor resection. Sci. Rep. 101(10), 1–9. https:// doi. org/ 10. 1038/ s41598- 020- 59115-y (2020).

 25. Kim, B. W. et al. Machine learning for recurrence prediction of gynecologic cancers using lynch syndrome-related screening 
markers. Cancers https:// doi. org/ 10. 3390/ CANCE RS132 25670 (2021).

 26. Chen, P.-C. et al. A prediction model for tumor recurrence in Stage II–III colorectal cancer patients: From a machine learning 
model to genomic profiling. Biomed 10, 340. https:// doi. org/ 10. 3390/ BIOME DICIN ES100 20340 (2022).

 27. Choi, E.-J. et al. Predicting long-term survival after allogeneic hematopoietic cell transplantation in patients with hematologic 
malignancies: Machine learning-based model development and validation. JMIR Med. Inform. https:// doi. org/ 10. 2196/ 32313 
(2022).

 28. Gupta, V., Braun, T. M., Chowdhury, M., Tewari, M. & Choi, S. W. A Systematic review of machine learning techniques in hemat-
opoietic stem cell transplantation (HSCT). Sensors https:// doi. org/ 10. 3390/ s2021 6100 (2020).

 29. Fuse, K. et al. Patient-based prediction algorithm of relapse after allo-HSCT for acute Leukemia and its usefulness in the decision-
making process using a machine learning approach. Cancer Med. 8, 5058–5067. https:// doi. org/ 10. 1002/ CAM4. 2401 (2019).

 30. Okamura, H. et al. Interactive web application for plotting personalized prognosis prediction curves in allogeneic hematopoietic 
cell transplantation using machine learning. Transplantation https:// doi. org/ 10. 1097/ TP. 00000 00000 003357 (2021).

 31. Li, Y. et al. Predicting the availability of hematopoietic stem cell donors using machine learning. Biol. Blood Marrow Transplant 
26, 1406–1413. https:// doi. org/ 10. 1016/J. BBMT. 2020. 03. 026 (2020).

 32. Yeoh, E. J. et al. Classification, subtype discovery, and prediction of outcome in pediatric acute lymphoblastic leukemia by gene 
expression profiling. Cancer Cell 1, 133–143. https:// doi. org/ 10. 1016/ S1535- 6108(02) 00032-6 (2002).

 33. Willenbrock, H., Juncker, A. S., Schmiegelow, K., Knudsen, S. & Ryder, L. P. Prediction of immunophenotype, treatment response, 
and relapse in childhood acute lymphoblastic leukemia using DNA microarrays. Leuk 18, 1270–7. https:// doi. org/ 10. 1038/ sj. leu. 
24033 92 (2004).

 34. Pan, L. et al. Machine learning applications for prediction of relapse in childhood acute lymphoblastic leukemia. Sci. Rep. 7, 1–9. 
https:// doi. org/ 10. 1038/ s41598- 017- 07408-0 (2017).

 35. Eisenberg, L. et al. Time-dependent prediction of mortality and cytomegalovirus reactivation after allogeneic hematopoietic cell 
transplantation using machine learning. medRxiv 66, 21. https:// doi. org/ 10. 1101/ 2021. 09. 14. 21263 446 (2021).

https://doi.org/10.1038/s41409-022-01691-w
https://doi.org/10.1038/s41409-019-0516-2
https://www.nccn.org/guidelines/guidelines-detail?category=1&id=1410
https://doi.org/10.1038/LEU.2010.228
https://doi.org/10.1182/BLOOD-2002-03-0704
https://doi.org/10.1182/BLOOD-2009-01-199380
https://doi.org/10.1182/BLOOD-2015-02-627935
https://doi.org/10.1016/J.CCELL.2019.08.004
https://doi.org/10.1182/BLOOD-2021-149225
https://doi.org/10.1080/10428194.2021.1966787
https://doi.org/10.1158/1078-0432.CCR-21-2675/675556/P/20-YEAR-STEADY-INCREASE-IN-SURVIVAL-OF-ADULT
https://doi.org/10.1158/1078-0432.CCR-21-2675/675556/P/20-YEAR-STEADY-INCREASE-IN-SURVIVAL-OF-ADULT
https://doi.org/10.1002/CNCR.30130
https://doi.org/10.1002/CNCR.30130
https://doi.org/10.1182/BLOOD.2019004685
https://doi.org/10.1038/s41375-020-01090-4
https://doi.org/10.1016/J.BBMT.2014.12.001
https://doi.org/10.1182/BLOOD-2011-12-399287
https://doi.org/10.3324/HAEMATOL.2018.196055
https://doi.org/10.1182/BLOOD-2013-03-487728
https://doi.org/10.1182/BLOODADVANCES.2020002997
https://doi.org/10.1182/BLOODADVANCES.2020002997
https://doi.org/10.1038/s41598-020-59115-y
https://doi.org/10.3390/CANCERS13225670
https://doi.org/10.3390/BIOMEDICINES10020340
https://doi.org/10.2196/32313
https://doi.org/10.3390/s20216100
https://doi.org/10.1002/CAM4.2401
https://doi.org/10.1097/TP.0000000000003357
https://doi.org/10.1016/J.BBMT.2020.03.026
https://doi.org/10.1016/S1535-6108(02)00032-6
https://doi.org/10.1038/sj.leu.2403392
https://doi.org/10.1038/sj.leu.2403392
https://doi.org/10.1038/s41598-017-07408-0
https://doi.org/10.1101/2021.09.14.21263446


8

Vol:.(1234567890)

Scientific Reports |        (2023) 13:16790  | https://doi.org/10.1038/s41598-023-43950-w

www.nature.com/scientificreports/

 36. Maher, K. R. et al. Post-allogeneic stem cell transplantation maintenance dasatinib in Philadelphia chromosome positive acute 
leukemia. Biol. Blood Marrow Transplant 23, S289. https:// doi. org/ 10. 1016/J. BBMT. 2016. 12. 201 (2017).

 37. Akahoshi, Y. et al. Tyrosine kinase inhibitor prophylaxis after transplant for Philadelphia chromosome-positive acute lymphoblastic 
leukemia. Cancer Sci. 110, 3255–3266. https:// doi. org/ 10. 1111/ CAS. 14167 (2019).

 38. Brissot, E. et al. Tyrosine kinase inhibitors improve long-term outcome of allogeneic hematopoietic stem cell transplantation for 
adult patients with Philadelphia chromosome positive acute lymphoblastic leukemia. Haematologica 100, 392–399. https:// doi. 
org/ 10. 3324/ HAEMA TOL. 2014. 116954 (2015).

 39. Caocci, G. et al. Prophylactic and preemptive therapy with dasatinib after hematopoietic stem cell transplantation for Philadelphia 
chromosome-positive acute lymphoblastic leukemia. Biol. Blood Marrow Transplant 18, 652–654. https:// doi. org/ 10. 1016/J. BBMT. 
2011. 12. 587 (2012).

 40. Kebriaei, P. et al. Long-term follow-up of allogeneic hematopoietic stem cell transplantation for patients with Philadelphia chro-
mosome positive acute lymphoblastic leukemia: Impact of tyrosine kinase inhibitors on treatment outcomes. Biol. Blood Marrow 
Transpl 18, 584–592. https:// doi. org/ 10. 1016/j. bbmt. 2011. 08. 011 (2012).

 41. Ribera, J. M. et al. Concurrent intensive chemotherapy and imatinib before and after stem cell transplantation in newly diagnosed 
Philadelphia chromosome-positive acute lymphoblastic leukemia. Final results of the CSTIBES02 trial. Haematologica 95, 87–95. 
https:// doi. org/ 10. 3324/ HAEMA TOL. 2009. 011221 (2010).

 42. Warraich, Z. et al. Relapse prevention with tyrosine kinase inhibitors after allogeneic transplantation for philadelphia chromosome-
positive acute lymphoblast leukemia: A systematic review. Biol. Blood Marrow Transplant 26, e55-64. https:// doi. org/ 10. 1016/J. 
BBMT. 2019. 09. 022 (2020).

 43. Afanaseva, K. et al. Tyrosine kinase inhibitors: Relapse prophylaxis after allogeneic hematopoietic stem cell transplantation in 
adults with Philadelphia chromosome-positive acute lymphoblastic leukemia. Cell Ther. Transplant 11, 45–59. https:// doi. org/ 10. 
18620/ CTT- 1866- 8836- 2022- 11-3- 4- 45- 59 (2022).

 44. Thomas, D. A. et al. Primary refractory and relapsed adult acute lymphoblastic leukemia. Cancer 86(7), 1216–30. https:// doi. org/ 
10. 1002/ (sici) 1097- 0142(19991 001) 86:7% 3c121 6:: aid- cncr17% 3e3.0. co;2-o (1999).

 45. Tavernier, E. et al. Outcome of treatment after first relapse in adults with acute lymphoblastic leukemia initially treated by the 
LALA-94 trial. Leukemia 21, 1907–1914. https:// doi. org/ 10. 1038/ SJ. LEU. 24048 24 (2007).

 46. Fielding, A. K. et al. Outcome of 609 adults after relapse of acute lymphoblastic leukemia (ALL): An MRC UKALL12/ECOG 2993 
study. Blood https:// doi. org/ 10. 1182/ blood- 2006 (2007).

 47. Kantarjian, H. M. et al. Inotuzumab ozogamicin versus standard therapy for acute lymphoblastic leukemia. N. Engl. J. Med. 375, 
740–753. https:// doi. org/ 10. 1056/ NEJMO A1509 277/ SUPPL_ FILE/ NEJMO A1509 277_ DISCL OSURES. PDF (2016).

 48. Martinelli, G. et al. Long-term follow-up of blinatumomab in patients with relapsed/refractory Philadelphia chromosome-positive 
B-cell precursor acute lymphoblastic leukaemia: Final analysis of ALCANTARA study. Eur. J. Cancer 146, 107–114. https:// doi. 
org/ 10. 1016/J. EJCA. 2020. 12. 022 (2021).

 49. Couturier, M. A. et al. Blinatumomab + ponatinib for relapsed/refractory Philadelphia chromosome-positive acute lymphoblastic 
leukemia in adults. Leuk. Lymphoma 62, 620–629. https:// doi. org/ 10. 1080/ 10428 194. 2020. 18441 98 (2021).

 50. Maude, S. L. et al. Tisagenlecleucel in children and young adults with B-cell lymphoblastic leukemia. New Engl. J. Med. https:// 
doi. org/ 10. 1056/ NEJMo a1709 866 (2018).

 51. Gaballa, M. R. et al. Blinatumomab maintenance after allogeneic hematopoietic cell transplantation for B-lineage acute lympho-
blastic leukemia. Blood 139, 1908–1919. https:// doi. org/ 10. 1182/ BLOOD. 20210 13290 (2022).

 52. Nordlander, A. et al. Graft-versus-host disease is associated with a lower relapse incidence after hematopoietic stem cell trans-
plantation in patients with acute lymphoblastic leukemia. Biol. Blood Marrow Transplant 10, 195–203. https:// doi. org/ 10. 1016/j. 
bbmt. 2003. 11. 002 (2004).

 53. Yeshurun, M. et al. The impact of the graft-versus-leukemia effect on survival in acute lymphoblastic leukemia. Blood Adv. 3, 670. 
https:// doi. org/ 10. 1182/ BLOOD ADVAN CES. 20180 27003 (2019).

 54. Pfeifer, H. et al. Standardisation and consensus guidelines for minimal residual disease assessment in Philadelphia-positive acute 
lymphoblastic leukemia (Ph + ALL) by real-time quantitative reverse transcriptase PCR of e1a2 BCR-ABL1. Leukemia 33, 1910–22. 
https:// doi. org/ 10. 1038/ s41375- 019- 0413-0 (2019).

 55. Shem-Tov, N. et al. Isolated extramedullary relapse of acute leukemia after allogeneic stem cell transplantation: Different kinetics 
and better prognosis than systemic relapse. Biol. Blood Marrow Transplant 23, 1087–1094. https:// doi. org/ 10. 1016/J. BBMT. 2017. 
03. 023 (2017).

 56. Poon, L. M. et al. Outcomes of adults with acute lymphoblastic leukemia (ALL) following relapse post allogeneic hematopoietic 
stem cell transplantation (HSCT) HHS Public Access. Biol. Blood Marrow Transpl. 19, 1059–1064. https:// doi. org/ 10. 1016/j. bbmt. 
2013. 04. 014 (2013).

 57. Yu, J. et al. Incidence, risk factors and outcome of extramedullary relapse after allogeneic hematopoietic stem cell transplantation 
in patients with adult acute lymphoblastic leukemia. Ann. Hematol. 99, 2639–2648. https:// doi. org/ 10. 1007/ S00277- 020- 04199-9/ 
TABLES/6 (2020).

 58. Ge, L. et al. Extramedullary relapse of acute leukemia after allogeneic hematopoietic stem cell transplantation: Different charac-
teristics between acute myelogenous leukemia and acute lymphoblastic leukemia. Biol. Blood Marrow Transplant 20, 1040–1047. 
https:// doi. org/ 10. 1016/J. BBMT. 2014. 03. 030 (2014).

Author contributions
A.K.S., B.E.A, M.I.S. designed the study, performed the statistical analysis and wrote the manuscript; M.I.S., 
B.S.N. conducted and supervised the study; S.A.G., A.K.S. were responsible for patients’ recruitment, sample 
and data collection; B.I.M. performed molecular analysis; G.T.L. performed cytogenetic analysis; M.I.S. drafted 
the manuscript; all the authors participated in the critical revision and validation of the final manuscript.

Competing interests 
Evgeny A. Bakin had been working on the study when was employee of the RM Gorbacheva Research Institute, 
Pavlov University, St. Petersburg, Russia. Currently Evgeny A. Bakin is an employee of CytoReason, Tel Aviv, 
Israel. Other authors have no conflict of interest to declare.

Additional information
Supplementary Information The online version contains supplementary material available at https:// doi. org/ 
10. 1038/ s41598- 023- 43950-w.

Correspondence and requests for materials should be addressed to K.S.A.

Reprints and permissions information is available at www.nature.com/reprints.

https://doi.org/10.1016/J.BBMT.2016.12.201
https://doi.org/10.1111/CAS.14167
https://doi.org/10.3324/HAEMATOL.2014.116954
https://doi.org/10.3324/HAEMATOL.2014.116954
https://doi.org/10.1016/J.BBMT.2011.12.587
https://doi.org/10.1016/J.BBMT.2011.12.587
https://doi.org/10.1016/j.bbmt.2011.08.011
https://doi.org/10.3324/HAEMATOL.2009.011221
https://doi.org/10.1016/J.BBMT.2019.09.022
https://doi.org/10.1016/J.BBMT.2019.09.022
https://doi.org/10.18620/CTT-1866-8836-2022-11-3-4-45-59
https://doi.org/10.18620/CTT-1866-8836-2022-11-3-4-45-59
https://doi.org/10.1002/(sici)1097-0142(19991001)86:7%3c1216::aid-cncr17%3e3.0.co;2-o
https://doi.org/10.1002/(sici)1097-0142(19991001)86:7%3c1216::aid-cncr17%3e3.0.co;2-o
https://doi.org/10.1038/SJ.LEU.2404824
https://doi.org/10.1182/blood-2006
https://doi.org/10.1056/NEJMOA1509277/SUPPL_FILE/NEJMOA1509277_DISCLOSURES.PDF
https://doi.org/10.1016/J.EJCA.2020.12.022
https://doi.org/10.1016/J.EJCA.2020.12.022
https://doi.org/10.1080/10428194.2020.1844198
https://doi.org/10.1056/NEJMoa1709866
https://doi.org/10.1056/NEJMoa1709866
https://doi.org/10.1182/BLOOD.2021013290
https://doi.org/10.1016/j.bbmt.2003.11.002
https://doi.org/10.1016/j.bbmt.2003.11.002
https://doi.org/10.1182/BLOODADVANCES.2018027003
https://doi.org/10.1038/s41375-019-0413-0
https://doi.org/10.1016/J.BBMT.2017.03.023
https://doi.org/10.1016/J.BBMT.2017.03.023
https://doi.org/10.1016/j.bbmt.2013.04.014
https://doi.org/10.1016/j.bbmt.2013.04.014
https://doi.org/10.1007/S00277-020-04199-9/TABLES/6
https://doi.org/10.1007/S00277-020-04199-9/TABLES/6
https://doi.org/10.1016/J.BBMT.2014.03.030
https://doi.org/10.1038/s41598-023-43950-w
https://doi.org/10.1038/s41598-023-43950-w
www.nature.com/reprints


9

Vol.:(0123456789)

Scientific Reports |        (2023) 13:16790  | https://doi.org/10.1038/s41598-023-43950-w

www.nature.com/scientificreports/

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2023

http://creativecommons.org/licenses/by/4.0/

	A pilot study of implication of machine learning for relapse prediction after allogeneic stem cell transplantation in adults with Ph-positive acute lymphoblastic leukemia
	Materials and methods
	Results
	Discussion and conclusion
	References


