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Abstract 

Acute lymphoblastic leukaemia (ALL) is the most common type of cancer affecting children 

with a peak prevalence between the ages of 2 and 5 years old. Development of effective 

treatments and improvements in risk stratification has led to a cure rate >90% in children. 

However, there are significant long-term effects associated with treatment of ALL. As a result, 

current research efforts have focused increasingly on identifying patients eligible for 

treatment de-escalation. Recent studies suggest that modest de-escalation of treatment for 

low risk patients is safe, namely patients with low levels of MRD and good risk genetics 

(ETV6::RUNX1 and High Hyperdiploidy).  

The objectives of this project were to identify optimal treatment elements for patients with 

good risk genetics to ensure that these patients are given only the minimal dosages of drugs 

necessary to be cured. 

The survival rates of good risk genetics (ETV6::RUNX1 and high hyperdiploidy) patients across 

four UKALL trials were determined, and the impact of different treatment elements was 

assessed individually using traditional statistical techniques to identify optimal treatment 

elements for these patients. Individual drug dosages were calculated using the trial protocols 

and a clinically annotated dataset (n = 6716) was assembled from both this information and 

data from LRCG sources. Area under the curve (AUC) was used to produce a dose intensity 

score (DIS) which was utilised as a method for determining optimal drug dosages for patients. 

Machine learning methods were explored with classification decision tree models being 

produced as well as ensemble methods being employed to identify optimal treatment 

elements within the aforementioned trials and analyse treatment effect on survival.  

In conclusion, successful treatment pathways that optimise outcome and minimise toxicity 

exist within historic clinical trials. Furthermore, optimal doses of drugs given on current 

treatment protocols have been identified for good risk ALL patients. 
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1.1 Paediatric Cancer 

Paediatric cancer is a rare event that accounts for less than 1% of all diagnosed cancer cases 

with an average of ~1800 new cases being diagnosed each year in the UK. Almost half (45%) 

of these cases occur in patients under the age of 5. Incidence rates have increased over time 

with a 12% positive trend since the early 1990s (Cancer Research UK, 2024b). Due to 

multimodal therapy survival rates for patients have greatly improved, with rates increasing 

from 36% in the 1970s to a 5-year survival rate of 84% in 2016 (Figure 1). However, survival 

differs by cancer with poor prognosis still present in certain tumour types. Although paediatric 

cancer is rare with largely positive outcomes, it still accounts for almost a quarter (23%) of 

deaths in children aged 1-14 (Erdmann et al., 2021; Cancer Research UK, 2024b). 

 

 

Figure 1. 5-year and 10-year survival rates (%) of paediatric cancer patients from 1971-2000 

(Great Britain) and 1997-2016 (United Kingdom) amongst children aged 0-14 years old. Data 

from: (Cancer Research UK, 2024b). 

 

The international classification of childhood cancer, third edition (ICCC-3) have classified 

childhood cancers into 12 diagnostic groups (Steliarova-Foucher et al., 2005). The most 
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common types of paediatric cancer in the UK are leukaemias (31%), brain and spinal tumours 

(25%) and lymphomas (10%). The incidences of the 12 groups are shown in Figure 2. 

 

 

Figure 2. Incidence (%) of 12 paediatric cancer diagnostic groups classified by the ICCC-3 in 

children aged 0-14 years old in the United Kingdom (1997-2016). Data from: (Public Health 

England, 2021). 

 

Although improvements in survival rates of paediatric cancer patients is a great positive, it 

has led to a growing population of survivors whom, due to intensive treatment at a young 

age, are now at risk of serious somatic and mental health conditions and ultimately, a reduced 

overall quality of life. Cancer treatment including chemotherapy, radiation, and stem cell 

transplantation can exert deleterious effects on normal human function and consequently 

increase the risk for early mortality, cardiac impairments, sensory loss, gastrointestinal 

problems, neurocognitive deficits, musculoskeletal abnormalities, and infertility (Ness and 
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Gurney, 2007; Erdmann et al., 2021; Bhakta et al., 2017; Butler and Haser, 2006; Friedman 

and Meadows, 2002). These sequelae highlight the need for alternative treatment 

approaches and improved risk stratification for patients on modern treatment protocols. 

1.2 Leukaemia 

Leukaemia is a type of cancer caused by the unregulated proliferation of a clone of immature 

blood cells derived from mutant haematopoietic stem cells (Howard and Hamilton, 2013). 

Leukaemia can be differentiated into acute or chronic depending on the degree of 

haematopoietic cell differentiation as well as the speed at which the disease progresses. It 

can be classified by cell lineage resulting in myeloid or lymphoid leukaemias (Loke and 

Kansagra, 2022). This defines four main types of leukaemia: acute myeloid leukaemia, acute 

lymphoblastic leukaemia, chronic myeloid leukaemia, and chronic lymphocytic leukaemia. 

Only acute lymphoblastic leukaemia will be considered in this thesis. 

1.3 Acute Lymphoblastic Leukaemia  

1.3.1 Diagnosis 

Acute Lymphoblastic Leukaemia (ALL) is caused by an overproduction of immature lymphoid 

cells affecting both adults and children with a peak prevalence between 2-5 years old (Pui, 

Robison and Look, 2008). Figure 3 illustrates the normal haematopoiesis from a stem cell to 

a mature cell with the lymphoid arm depicted on the right hand side. The stage of 

differentiation at which overproduction occurs is highlighted. Diagnosis of ALL usually occurs 

due to clinical suspicion based on features and symptoms rather than incidentally, such as a 

result of a blood test (Bain, 2017). Symptoms of the disease occur from ALL cells infiltrating 

tissues or from varying degrees of anaemia, neutropenia, and thrombocytopenia (Kebriaei, 

Anastasi and Larson, 2002). The most common sites for ALL to be detected clinically are the 

lymph nodes, central nervous system (CNS), spleen, liver, and skin; though most organ 

systems may be involved after the entrance of leukaemia cells to the peripheral blood 

(Kebriaei, Anastasi and Larson, 2002). Presenting features of ALL include pallor, fever or other 

signs of infection, pharyngitis, petechiae, bone pain, hepatomegaly, splenomegaly, 

lymphadenopathy, gum hypertrophy, bruising and bleeding easily, shortness of breath, 

unexplained weight loss, and skin infiltration (Bain, 2017; Cancer Research UK, 2024b; 

Kebriaei, Anastasi and Larson, 2002). Diagnosis of ALL is based on WHO classification 
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guidelines which integrate the characterisations of cell morphology, immunophenotypes and 

genetics (Malard and Mohty, 2020). 

 

 

Figure 3. Diagram of the development of different blood cells from a haematopoietic stem 

cell to mature cells. (Rad and Häggström, 2009). 

 

1.3.2 Etiology 

The cause of acute leukaemias remains largely unknown (Tebbi, 2021). However, it is thought 

to arise from interactions between intrinsic and extrinsic exposures, genetic susceptibility, 

and chance as exemplified in Figure 4 (Inaba, Greaves and Mullighan, 2013). A commonly 

accepted hypothesis is the “multi-hit hypothesis” which states that an initial genetic hit must 

be followed by additional hits before a cell becomes leukaemic (Lausten-Thomsen et al., 

2010). As fusion genes and aneuploidy have been detected in the neonatal blood spots of 

children diagnosed with ALL, and ETV6::RUNX1 B-ALL has developed in monozygotic twins, 

many believe the primary hit is a pre-leukaemic clone carrying a genetic lesion that was 

acquired in utero (Swaminathan et al., 2015; Williams et al., 2019; Alpar et al., 2015). In utero 

development has been shown for several B-cell precursor ALL subtypes including high 

Overproduction 

occurs here 
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hyperdiploidy, ETV6::RUNX1, BCR::ABL1, and KMT2A rearrangements (Rüchel et al., 2022). 

During early childhood, pre-leukaemic clones can acquire secondary somatic mutations and 

evolve towards overt leukaemia (Swaminathan et al., 2015). 

 

Figure 4. Causality of childhood acute lymphoblastic leukaemia. (Inaba, Greaves and 

Mullighan, 2013). 

 

An alternative yet similar hypothesis of disease initiation is the “delayed infections 

hypothesis” (Greaves, 2018). Figure 5 illustrates this hypothesis in which a “first hit” is 

acquired in utero and limited exposure to bacterial or viral infections in the first year of life 

(likely due to lack of attendance of a day care or exposure to pets) results in an improperly 

developed immune system which proliferates subsequent mutations that lead to overt ALL.   

 

Figure 5. Illustration of the development of acute lymphoblastic leukaemia through 

infection. Germline mutations form the primary hit which requires a second hit of a somatic 

mutation developed due to the abnormal response of the immune system. (Rüchel et al., 

2022). 
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Risk factors theorised to influence the development of a “first hit” or impart the necessary 

“second hit” can be both intrinsic and extrinsic. Intrinsic factors thought to increase the risk 

of developing ALL include increased maternal age, high birth weight, pre-labour caesarean 

delivery, having a twin, having Down syndrome or Noonan syndrome, and maternal diabetes 

(Williams et al., 2019; Søegaard et al., 2018; Tebbi, 2021; Rüchel et al., 2022; Onyije et al., 

2022). Whilst extrinsic factors increasing risk include parental exposure to pesticides or paint, 

increased maternal coffee intake, limited or absent microbial exposures in earlier life, and 

exposure to ionising radiation (Greaves, 2018; Williams et al., 2019). Conversely, there are 

factors associated with a reduced risk of developing childhood ALL such as breastfeeding, 

maternal intake of folic acid, day-care attendance, contact with dogs or cats in the first year 

of life, and the presence of allergies (Williams et al., 2019; Onyije et al., 2022).  

1.3.3 Epidemiology 

 ALL is the most common form of childhood cancer, accounting for approximately 75-80% of 

acute leukaemia in this age group whilst leukaemia accounts for roughly a third of all 

childhood cancer (Lustosa de Sousa et al., 2015). In contrast to most cancer types, ALL is rare 

in adults with the lowest incidence rates being reached at age 30-34 in females and 45-49 in 

males and around 60% of diagnoses occurring before 20 years old (Malard and Mohty, 2020). 

Furthermore, only ~5 in 100 new cases occur in people over 75 years old (Cancer Research 

UK, 2024a). The incidence of ALL by age is bimodal, with a peak prevalence between the ages 

of 2 and 5 years old and a second, smaller peak occurring after the age of 65 as shown in 

Figure 6. There is a disparity in incidence of ALL by sex with a ratio of 1.4 males to every 1 

female, with males also having a greater risk of relapse and death (Moorman, 2016). 
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Figure 6. Incidence of acute lymphoblastic leukaemia by age in the UK. (Cancer Research UK, 

2024a). 

 

Before the 1960’s, ALL was considered practically untreatable with an almost 100% rate of 

fatality (Barnes, 2008). In recent years, survival rates of paediatric ALL have improved 

significantly to approximately 90% (Malard and Mohty, 2020). This improvement over the 

decades is depicted in Figure 7. This progress is due to the adoption of multiagent 

chemotherapy regimens (Section 1.4), risk stratification of patients according to clinical and 

biological features as well as early treatment response to assign varying treatment intensity, 

(Section 1.6) and also better treatment/ control of infections (Hunger and Mullighan, 2015). 

However, despite high cure rates, relapsed ALL remains a leading cause of morbidity and 

mortality in children (Mullighan, 2012).  



 

9 

 

 

Figure 7. Kaplan Meier illustrating the improvement in survival for successive UK paediatric 

ALL trials. (Bartram, Veys and Vora, 2020). 

 

In contrast to the impressive survival rates of paediatric ALL, outcome for adults is 

comparatively dismal with cure rates of less than 40% (Samra et al., 2020). Outcome gets 

progressively worse with age with outcome for people over 50 falling to ~25% after 5 years 

(Malard and Mohty, 2020). This deterioration in survival with age is depicted in Figure 8. The 

disparity between survival of paediatric and adult patients has been attributed to a multitude 

of factors including differences in disease cytogenetics and genomic landscapes, an increased 

frequency of T-cell ALL, and children’s ability to withstand much more intensive 

chemotherapy due in part to organ dysfunctions and comorbidities in older patients (Neaga 

et al., 2021). Only paediatric ALL will be considered in this thesis. 
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Figure 8. Kaplan Meier depicting difference in survival by age group from patients enrolled 

on paediatric trials UKALLXI – UKALL2011 and adult trial UKALL60+.  

 

1.3.4 Subtypes 

Determination of ALL subtypes is essential for the correct diagnosis and treatment of patients. 

Immunophenotyping remains the gold standard for identifying lineage of leukaemic 

lymphoblasts with T-cell, mature B-cell, and B-cell precursor phenotypes demonstrating 

immense therapeutic importance (Pui, Robison and Look, 2008; Malard and Mohty, 2020). 

Chromosomal analysis is an integral part of initial work-up of acute lymphoblastic leukaemia 

which was historically performed through conventional cytogenetics, fluorescence in-situ 

hybridisation (FISH), flow cytometry, and real-time polymerase chain reaction (RT-PCR) to 

determine cytogenetic features for prognosis and risk stratification (Malard and Mohty, 2020; 

Pui, Robison and Look, 2008). Presently, SNP-array, RNA fusion panel, and whole genome 

sequencing are more regularly used.  
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1.3.4.1 Immunophenotype 

Patients can be broadly categorised as B- and T-lineage ALL with B-lineage ALL accounting for 

~85% of childhood cases (Heim and Mitelman, 2009). Early studies of B-lineage ALL identified 

a difference in outcome by subtypes of B-ALL, however, improved treatment approaches as 

well as recognition of genetic abnormalities has lessened the importance of these 

classifications (Pui, 2012). 5-year event-free survival and overall survival rates for B-cell ALL 

patients are above 85% and 95% respectively on modern childhood clinical trials, whilst T-cell 

ALL outcomes are inferior by ~5-10% (Teachey and Pui, 2019). This disparity can be attributed 

to a multitude of factors including an older population in T-cell cohorts, poorer tolerance and 

increased resistance to chemotherapy agents, a lower proportion of favourable genetics, and 

an increased risk of extramedullary relapse (Teachey and Pui, 2019). To alleviate this 

difference, more intensive chemotherapy is generally prescribed to T-cell patients, while a 

recent emphasis on identifying genetic insights and alternative therapies has been placed 

(Van Vlierberghe et al., 2008; Coustan-Smith et al., 2009). 

1.3.4.2 Genetics 

The focus of this thesis will be on the good risk genetic subtypes ETV6::RUNX1 and high 

hyperdiploidy with the rationale that due to outstanding survival rates in these groups, there 

exists optimal treatment elements for these patients, which maintain impressive outcomes 

whilst minimising toxicities and long-term late effects. Furthermore, these two subtypes 

account for >50% of all childhood ALL cases, thus efforts to reduce the late-effects in these 

groups would benefit the majority of childhood ALL survivors. 

1.3.4.2.1 ETV6::RUNX1 

The ETV6::RUNX1 fusion is one of most common genetic aberrations in childhood ALL 

occurring in about 25% of B-precursor cases (Forestier et al., 2008). This genetic abnormality 

is a translocation of a 12 and 21 chromosome resulting in t(12;21)(p13;q22) which can be 

detected by FISH or RT-PCR (Moorman, 2016).  ETV6::RUNX1 is associated with other good 

risk prognostic features such as low white cell count and age (Enshaei et al., 2013). These 

patients are generally treated on standard or low risk protocols. ETV6::RUNX1 patients have 

an excellent prognosis with survival rates surpassing 95% at 5-years on contemporary 

paediatric trials [Figure 7, Table 1]. This exceptional outcome is seen across multiple 

treatment protocols from national or collaborative group clinical trials (Østergaard et al., 
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2024). Due to this, ETV6::RUNX1 patients are now being considered for treatment de-

escalation on future protocols (Austin and Patel, 2023; Gandemer et al., 2009; Monovich, 

Gurumurthy and Ryan, 2024). 

  5-year survival rates 

Study Group Clinical Trial Overall Event-free Relapse rate 

CCLSG ALL2004 96% 92% 6% 

CoALL 07-03 98% 92% 6% 

NOPHO ALL2008 98% 92% 6% 

UKALL 2003 96% 94% 4% 

AIEOP-BFM ALL 2000 98% 93% 6% 

ALL-IC BFM ALL 2002 94% 87% 12% 

DCOG ALL10 98% 95% 5% 

JACLS ALL-02 98% 95% 5% 

Table 1. Five-year survival rates of ETV6::RUNX1 patients across study groups. CCLSG 

Children’s Cancer and Leukemia Study Group, CoALL Childhood Acute Lymphoblastic 

Leukemia, NOPHO Nordic Society of Pediatric Hematology and Oncology, UKALL United 

Kingdom Acute Lymphoblastic Leukaemia, AIEOP-BFM Associazione Italiana di Ematologia e 

Oncologia Pediatrica and Berlin Frankfurt Münster, ALL IC-BFM Acute Lymphoblastic 

Leukemia Intercontinental-Berlin Frankfurt Münster, DCOG Dutch Childhood Oncology 

Group, JACLS Japan Childhood Leukemia Study Group. Data source: (Østergaard et al., 2024). 

 

1.3.4.2.1 High Hyperdiploidy 

High hyperdiploidy (HeH) is the most common cytogenetic abnormality occurring in ~25-30% 

of childhood B-cell precursor ALL patients (Woodward et al., 2023). HeH is characterised as 

the non-random gain of chromosomes X, 4, 6, 10, 14, 17, 18, and 21 resulting in a minimum 

of 51 chromosomes (Paulsson and Johansson, 2009). There is variation in the definition of 

high hyperdiploidy amongst study groups, with a general consensus definition of aneuploidy 

between 51-65 or 67 chromosomes (Enshaei et al., 2021; Teachey and Pui, 2019; Haas and 

Borkhardt, 2022; Moorman et al., 2003).  High hyperdiploidy is associated with a good 

outcome having >90% 5-year survival rates and is generally associated with other good risk 

factors such as low white cell counts and a peak incidence between the age of 2-4 years old 
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(Paulsson, 2015). Despite this excellent prognosis, ~10-15% of high hyperdiploidy patients 

relapse accounting for up to 25% of all childhood ALL relapses due to the group’s prevalence 

and the wide biological heterogeneity across hyperdiploidy (Paulsson et al., 2010; Irving et 

al., 2016; Lee et al., 2023a; Moorman et al., 2022a). Thus, studies have endeavoured to 

identify risk factors within this subtype for further stratification resulting in the favourable 

risk groups of triple trisomy, double trisomy, a DNA index between 1.16-1.6, and UKALL low-

risk high hyperdiploidy profile described in Table 2 (Reismüller et al., 2017; Enshaei et al., 

2023; Lee et al., 2023a; Chilton et al., 2014; Sharathkumar et al., 2008; Aricò et al., 2008). 

Subgroup Definition 

Triple trisomy (TT) 
Simultaneous trisomy of chromosome 4, 

10, and 17 

Double trisomy  
Simultaneous trisomy of chromosome 4 

and 10 

UKALL low-risk high hyperdiploidy profile 

EITHER simultaneous trisomy of 17 and 18 

OR +17 or +18 in the absence of +5 and 

+20. 

DNA index DNA index between 1.16-1.6 

Table 2. Favourable high hyperdiploidy subgroups.  
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1.4 Treatment 

Current treatment regimens for ALL are divided into five stages: induction therapy, CNS-

directed treatment, consolidation, delayed intensification, and maintenance therapy as seen 

in Figure 9 below. 

Figure 9. Exemplar treatment regimen for paediatric ALL. 

1.4.1 Induction 

Induction treatment is a multiagent chemotherapy regimen with the aim of inducing 

morphologic remission and restoring normal bone marrow haematopoiesis. The drugs given 

during induction often include vincristine, corticosteroids, namely dexamethasone or 

prednisolone, and asparaginase. Some regimens will also add an anthracycline, usually 

doxorubicin, or daunorubicin, to higher risk group treatment arms. The expectation is that 

patients will be in complete remission (CR) (defined as <5% blasts in the bone marrow by 

morphology) within 28 days of the start of treatment (Buchmann et al., 2022). Most paediatric 

patients (95%) on modern protocols will achieve this benchmark (Cooper and Brown, 2014). 

Approximately half of patients who fail to attain CR within the first 4 weeks will endure toxicity 

resulting in treatment-related mortality (Schrappe et al., 2012). The remaining half will have 

resistant disease. For these patients, an allogeneic bone marrow transplant is usually pursued.  

1.4.2 CNS-directed therapy 

Treatment of ALL targets both systemic disease and sanctuary sites – extramedullary 

anatomic locations that are difficult to penetrate with systemic chemotherapy alone. The 

most important of these sanctuary sites is the central nervous system (CNS) (Laningham et 

al., 2007). Whilst only 3% of patients have detectable CNS involvement at diagnosis, 50%-70% 

of patients will develop CNS leukaemia unless specific CNS-directed therapy is given (Seibel, 
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2008). Thus targeting this sanctuary site is critical in order to prevent CNS relapse in paediatric 

patients.  

Cranial irradiation is limited to use in patients who are at high risk of CNS relapse due to the 

associated extreme rates of neurotoxicity (Pui, 2006). Within an intergroup collaboration of 

10 major childhood treatment groups, it was found that the proportion of newly diagnosed 

patients assigned to receive cranial irradiation ranged from 0%-33% (Vora et al., 2016). In 

current UKALL trials, only patients with a CNS3 status (a non-traumatic cerebrospinal fluid 

sample that contains 5 WBC/µL with identifiable blasts, or presence of a cerebral mass or 

cranial palsy) receive cranial irradiation which amounts to <5% of patients. It was found that 

among high-risk patients without a CNS3 status, that a radiation dose of 12 Gy (in place of the 

full 18 Gy dose) can be given without increased risk of CNS relapse, further decreasing the risk 

of neurotoxicites (Schrappe et al., 2000; Riehm, 1991). The full 18 Gy dose is administered to 

patients with CNS leukaemia at diagnosis (Pui, Robison and Look, 2008). Several paediatric 

trials have tested the effects of omitting cranial irradiation from treatment altogether and 

found that there was no increased risk of CNS or systemic relapse (Vilmer et al., 2000). 

For the remainder of patients, direct intrathecal (IT) administration of chemotherapy and 

systemic administration of chemotherapy able to penetrate the blood-brain barrier are used 

to eradicate CNS disease (Cooper and Brown, 2014). This therapy usually takes the form of 

weekly or bi-weekly IT therapy with systemic drugs such as dexamethasone, asparaginase, 6-

mercaptopurine, cytarabine and high-dose methotrexate (HD-MTX) (Seibel, 2008). Options 

for intrathecal chemotherapy include including intrathecal methotrexate (IT-MTX) or a 

combination of IT-MTX, cytarabine, and hydrocortisone (Cooper and Brown, 2014). 

1.4.3 Consolidation and intensification 

The purpose of consolidation therapy is to eradicate any remaining drug-resistant residual 

disease after complete remission is achieved (Pui, Robison and Look, 2008). The agents used 

in this stage of therapy are combinations to maximise synergy and minimise drug resistance 

and are often agents not used during induction, such as high-dose asparaginase (25,000 

IU/m2) given for an extended period, HD-MTX with mercaptopurine, thioguanine, and 

cytarabine (Pui and Evans William, 2006; Cooper and Brown, 2014; Pession et al., 2005; 

Amylon et al., 1999; Sallan et al., 1983; Silverman et al., 2001). Reinduction treatment may 
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also be used on certain regimens in which patients are treated with the same agent given 

during induction (Pui, Robison and Look, 2008). For patients with high-risk ALL, both of these 

treatments may be used as these children often receive more intensive consolidation 

regimens over a longer period (Cooper and Brown, 2014). Consolidation therapy is 

particularly important in high-risk patients such as T-cell ALL, infant ALL, as well as patients 

with overt CNS disease (Esparza and Sakamoto, 2005). 

1.4.4 Maintenance therapy 

Previous studies have shown that children with ALL need continued treatment, at a much less 

intensive rate, in order to drastically reduce the risk of relapse (Pui, Robison and Look, 2008; 

Hunger and Mullighan, 2015; Cooper and Brown, 2014; Pui and Evans William, 2006).  It is 

believed that this stage of therapy is necessary in order to eradicate residual leukaemic cells 

that are cycling very slowly and are essentially chemo-resistant when not dividing. Thus, the 

low levels of chemotherapy over a long period kill these cells when they eventually move into 

the dividing phase. Historically, maintenance therapy often lasted 2 years for girls with an 

additional year (3 years total) of therapy for boys due to higher incidence of relapse and lower 

survival rates (Gupta et al., 2022). However, recent studies have demonstrated that this 

additional year of therapy was not beneficial, and now boys and girls receive the same length 

of maintenance therapy on most modern protocols. The backbone of current regimens 

consists of daily mercaptopurine and weekly methotrexate dosages (Pui, Robison and Look, 

2008; Cooper and Brown, 2014; Pui and Evans William, 2006). In some protocols, additional 

pulses of vincristine and corticosteroids are added (Seibel, 2008). 

1.4.5 Adverse effects from treatment 

Whilst current protocols comprising multi-agent chemotherapy have led to impressive 

survival rates in paediatric ALL, they are also the cause of many severe adverse effects 

including pancreatitis, thromboembolism, neuropathy, and endocrinopathies such as 

pituitary deficits and hypothyroidism (Lejman et al., 2021; Zhang and Gu, 2023; Follin, 2019; 

Howard and Pui, 2002). Approximately 50% of all patients will be affected by at least one of 

14 common severe acute toxic effects of chemotherapy (Schmiegelow et al., 2016). 

Furthermore, many cancer survivors suffer from long term sequelae including chronic health 

disorders and neurobehavioral problems (Kato and Manabe, 2018). The prevalence of these 

adverse effects varies in long term survivors of paediatric ALL based on the type of therapy 
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given as well as relapse status with non-irradiated and non-relapse patients reportedly having 

fewer chronic health conditions. Patients who received therapeutic irradiation are at the 

highest risk for secondary neoplasms which, along with recurrence of ALL, is a major cause of 

excess mortality in survivors (Mody et al., 2008). 

Many of the drugs given during therapy are known to cause adverse effects (Langebrake, 

Reinhardt and Ritter, 2002).  Examples of this include anthracycline which has been found to 

cause chronic cardiotoxicity, high-dose methotrexate which can cause nephrotoxicity, and 

asparaginase which, among other things, has been associated with development of 

pancreatitis and hypersensitivity to the drug (Schmiegelow et al., 2016; Langebrake, 

Reinhardt and Ritter, 2002; Childhood Acute Lymphoblastic Leukaemia Collaborative Group, 

2009). A more detailed view of the adverse effects of chemotherapy agents is detailed in Table 

3. These effects have been found to correlate with the administered dose (Langebrake, 

Reinhardt and Ritter, 2002). As such, increases in treatment intensification over time have 

resulted in treatment-related death being just as likely as leukaemic relapse in low-risk 

patients (Schmiegelow et al., 2016). In consequence, the focus of much research has been to 

identify optimal dosages of therapeutic drugs to ensure cure with minimal toxicity as well as 

to eradicate the need for irradiation except for very high risk cases (Pui and Howard, 2008; 

Essig et al., 2014) (Möricke et al., 2008). Furthermore, there has been a surge in the 

development of alternate drugs and targeted therapies to lessen the therapeutic burden of 

conventional chemotherapy whilst still maintaining excellent outcomes (Lejman et al., 2021). 
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Chemotherapy Agent/Therapy Adverse Effect(s) 

Anthracyclines Cardiotoxicity, Myelosuppression, Hair loss, Mucositis, 

Nausea, Vomiting, Chemical cellulites 

L-Asparaginase Allergy, Pancreatitis, Thrombosis, Hyperglycemia, 

Encephalopathy, Hepatodysfunction, Nausea, Vomiting 

Cranial Irradiation 

Post-treatment somnolence, Seizures, Brain tumours, 

Hair loss, Osteoporosis, Neurological/endocrine 

dysfunction, Secondary Neoplasm, Learning deficits, 

Growth Hormone deficiency, Obesity, Stroke, Dental 

problems 

Cytarabine 
Arachnoiditis, Neurotoxicity, Headaches, Nausea, 

Vomiting, Fever, Rashes, Decreased fertility, Mucositis, 

Hepatodysfunction, Conjunctivitis 

Cyclophosphamide 

Myelosuppression, Bladder cancer, Acute myelogenous 

leukaemia, Decreased fertility, Haemorrhagic cystitis, 

Hair loss, Nausea, Vomiting, Increased antidiuretic 

hormone secretion 

Etoposide Myelosuppression, Allergy, Acute myelogenous 

leukaemia, Mucositis, Hair loss, Nausea, Vomiting 

Glucocorticoids 

Sepsis, Infection, Bone toxicities, Osteopenia, 

Osteonecrosis, Steroid psychosis, Mood disorders, 

Proximal myopathy, Acne, Hyperglycaemia, 

Hypertension, Weight gain 

Mercaptopurine Osteoporosis, Myelosuppression, Sun sensitivity, 

Hepatodysfunction, Mucositis, Nausea, Vomiting 

Methotrexate 

Nausea, Vomiting, Liver dysfunction, Myelosuppression, 

Osteoporosis, Sun sensitivity, Leukoencephalopathy 

Intrathecal administration adverse effects: Headaches, 

Fever, Seizures 

Vincristine Peripheral neuropathy, Pain, Constipation, Seizures, 

Hair loss, Chemical cellulites 

Table 3. Adverse effects of chemotherapy agents and therapies. Sources: (Redaelli et al., 

2005; Inaba and Pui, 2010; Pui et al., 2003; Oeffinger and Hudson, 2004; Pui and Jeha, 2007; 

Childhood Acute Lymphoblastic Leukaemia Collaborative Group, 2009). 
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1.5 Outcome 

Outcome of childhood acute lymphoblastic leukaemia is outstanding at >90% overall survival 

and ~85% event-free survival at 5 years. This is primarily due to the prevention of relapse in 

the form of improvements in treatment and risk stratification as well as the addition of 

targeted therapies for certain subtypes (Bailey et al., 2008). A major historic cause of poor 

outcome was the prevalence of CNS relapse largely resulting in death. However, studies in 

the 1960s and 1970s identified that administering CNS-directed therapy to all patients was 

necessary for cure (Thastrup et al., 2022). This resulted in the incidence of CNS relapse falling 

from >50% of patients to less than 10%, with rates on modern protocols reported as low as 

3% (Eden, 1995; Pui and Howard, 2008). The introduction of this phase of therapy initially 

consisted of cranial or craniospinal irradiation, but due to evidence of long-term sequelae of 

this form of treatment, it has been largely replaced by intrathecal and systemic chemotherapy 

(Richards et al., 2013).  

Following the success in the reduction of CNS relapse, focus has shifted to marrow relapses 

which despite improvement over the last few decades, has a recurrence rate of 10-15% 

(Bailey et al., 2008). This recurrence is often salvageable however with 10% of early marrow 

relapses and 50% of late marrow relapses being cured (Bailey et al., 2008). Prognosis for 

children who relapse is poor primarily in high risk groups who have a chance of survival as low 

as 25% (Irving, 2016). This highlights the importance of treatment reduction only in good risk 

patients to maintain low relapse rates in paediatric ALL patients. The development of new 

targeted therapies in recent years has improved outcomes in patients with relapse B-cell ALL, 

however, suggesting a promising future for the treatment of relapsed ALL (Malard and Mohty, 

2020). Nowadays, remission death is as common as relapse highlighting the major 

advancements in relapse prevention over the previous decades. 

1.6 Prognostic factors and risk stratification 

There are a host of prognostic factors in paediatric ALL that are used for risk stratification. 

Patient information at the point of diagnosis including a patients’ age and initial white cell 

count are generally used to determine initial treatment arms with older children and children 

with a high WBC count at diagnosis being classified as high risk (Hayashi, Makimoto and Yuza, 

2024). Response to treatment, usually measured by a patient’s measurable residual disease 

(MRD) level at the end of induction (EOI) and ability to achieve a complete remission, is then 
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used to adjust risk groups as necessary (Borowitz et al., 2008; Conter et al., 2010). Genetics 

are also of great consideration when it comes to ascertaining patient risk (Hayashi, Makimoto 

and Yuza, 2024). 

 1.6.1 Age 

Age is an independent predictor of outcome (Seibel, 2008). Patients aged between 1 and 9 

years (approximately 75% of childhood ALL patients) have the best prognosis with a higher 

disease-free survival rate than any other age group. Favourable prognostic factors are also 

more common in this age group, with good risk cytogenetics and B-cell disease a more 

frequent occurrence. Generally, survival is directly correlated with patient age with risk 

increasing as age increases. The exception to this is in infants <1 years who have relatively 

poor survival in comparison to children, with an EFS of 47% at four years (Lee and Cho, 2017). 

Some hypothesise that the prognostic effect of age is a surrogate for other factors such as 

older patients’ inability to tolerate more intensive treatment and a greater prevalence of high-

risk abnormalities such as BCR::ABL1. Similarly, it is suggested the poor outcome in infants 

can be attributed to KMT2A rearrangements that are associated with hyperleukocytosis as 

~80% of infants have this subtype (Malard and Mohty, 2020). 

 1.6.2 Sex 

In paediatric ALL, male patients have been shown to have a worse outcome than females 

(Gupta et al., 2022). Many have hypothesised this is due to the impact of testicular relapse, 

however this is unclear as some studies postulate that increased rates of central nervous 

system (CNS) relapse are the cause, whilst others find that gender bears no significant 

difference on outcome (Gupta et al., 2022; Friedmann and Weinstein, 2000). Male patients 

are still given additional maintenance therapy on some protocols, however many modern 

protocols no longer have this distinction due to evidence that longer therapy for boys has no 

impact on outcome, which is instead dependent on the backbone and intensity of 

chemotherapy administered before maintenance (Teachey, Hunger and Loh, 2021). 

 1.6.3 Central nervous system 

The CNS is a frequently affected site at diagnosis (<5%) and at relapse (up to 30-40%) (Cancela 

et al., 2012). Before the introduction of prophylactic CNS irradiation, ~75% of relapse involved 

the CNS (Kreuger et al., 1991). Thus, irradiation was considered vital in the cure of ALL and 
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was once considered the standard. However, long term effects of irradiation have been 

reported including late neurocognitive deficits, secondary cancers, and excess late mortality. 

As such, current treatment involves serial intrathecal chemotherapy in conjunction with 

methotrexate as an alternative to irradiation in most or all paediatric patients (Malard and 

Mohty, 2020). CNS irradiation is generally now reserved for patients with CNS involvement at 

diagnosis or those considered high risk of a CNS relapse, although several studies have shown 

that only patients who present with CNS disease at the time of diagnosis (~2%) benefit from 

cranial radiotherapy (CRT) and that the use of CRT in first-line therapy for other patients did 

not affect outcome (Vora et al., 2016). It has been found that children who have a late ( 18 

months from end of treatment), isolated CNS relapse and did not receive cranial irradiation 

often have a great outcome with a 5-year EFS similar to newly diagnosed patients. However, 

patients who relapse in the CNS shortly after remission or who received cranial irradiation 

have very poor outcomes and, as such, this is a very poor prognostic indicator (Cancela et al., 

2012; Pui, 2006). 

 1.6.4 White blood cell count 

The initial WBC count at diagnosis is a well-studied and oft reported prognostic factor in ALL 

(Hastings et al., 2014). There is a strong association between outcome and white cell count 

with increased risk of death as initial white cell count at diagnosis increases. (Hastings et al., 

2014). Patients with a WBC count >50 x 109 for B-cell were found to have an increased risk 

regarding both overall survival (OS) and disease-free survival (DFS) and so this is often used 

as a cut-off in risk stratification (Eden et al., 2000). Whilst many prognostic factors have lost 

significance as treatment has improved, white cell count continues to be a strong prognostic 

indicator of outcome both individually and in combination with other features (Pui and Evans 

William, 2006).  

 1.6.5 Immunophenotype 

T-cell ALL accounts for around 15% of childhood ALL cases (Shuster et al., 1990). Historically, 

T-cell ALL patients have lower survival rates than their B-Cell precursor counterparts 

(Goldberg et al., 2003). However, on current treatment protocols, T-cell patients are generally 

treated with a more intensive regimen resulting in outcomes like that of children with B-ALL, 

with survival rates of approximately 80% (Coustan-Smith et al., 2009). Paediatric B-ALL 
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patients have excellent outcomes with ~90% achieving long term remission (Moorman et al., 

2022a). 

 1.6.6 Cytogenetics 

Acquired chromosomal abnormalities are closely associated with the biology of ALL and 

indicate the genes involved in leukaemogenesis (Harrison, 2001). As such, paediatric patients 

are often stratified by genetic subtype due to their prognostic ability. Genetic abnormalities 

can be considered as primary or secondary events where primary abnormalities cause the 

initiation of a pre-leukaemic clone and secondary abnormalities converts the clone into overt 

ALL (Moorman, 2016). Generally, primary abnormalities are chromosomal translocations 

whilst secondary abnormalities comprise of copy number alterations and point mutations. 

Whilst there are abnormalities that have been reported as both primary and secondary in 

different settings, generally they are distinct groups. Most risk stratification methods focus 

on primary abnormalities as these have a stable prognostic effect. An overview of these 

primary abnormalities is given in Table 4.  
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Subtype 

t(9;22)(q34.1;q11.2)/ BCR::ABL1 

KMT2A rearranged 

t(12;21)(p13.2;q22.1)/ ETV6::RUNX1 

High Hyperdiploidy 

Low Hypodiploid 

Near haploid 

t(5;14)(q31.1;q32.3)/ IL3::IGH 

t(1;19)(q23.3;p13.3)/ TCF3::PBX1 

BCR::ABL1-like, ABL-1 class fusion 

BCR::ABL1-like, JAK-STAT activated 

BCR::ABL1-like, NOS 

iAMP21 

MYC rearrangement 

DUX4 rearrangement 

MEF2D rearrangement 

ZNF384 rearrangement 

NUTM1 rearrangement 

HLF rearrangement 

UBTF::ATXN7L3/PAN3,CDX2 (“CDX2/UBTF”) 

IKZF1 N159Y 

PAX5 P80R 

Table 4. Subtypes of B-cell precursor ALL defined in the International Consensus 

Classification. Information source: (Duffield, Mullighan and Borowitz, 2023). 

 

In several classifications, including the ones used for the data in this thesis, ETV6::RUNX1 and 

high hyperdiploidy make up the good risk cytogenetic risk group whilst others such as a 

BCR::ABL1 fusion (t(9;22)), intrachromosomal amplification of chromosome 21q (iAMP21), 

and rearrangements of the KMT2A gene are associated with a poor prognosis and, along with 

near haploidy, low hypodiploidy, and t(17;19), make up the high risk cytogenetic group. All 

remaining abnormalities fall into the intermediate risk category (Hakeem et al., 2014; 
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Chennamaneni et al., 2018; Moorman et al., 2010). Whilst many children with B-ALL harbour 

one of the major chromosomal abnormalities, the remaining patients (~30%) are classified as 

B-other ALL and are categorised as intermediate risk (Schwab et al., 2022). However, recent 

studies have shown that approximately one third of B-other-ALL patients can be classified into 

a distinct genetic subgroup with their own prognosis. Two examples of this are ABL-class 

fusions (~4% of B-other-ALL) which are associated with a high risk of relapse and ERG 

deletions (10%-15% of B-other-ALL) that had 10-year EFS rates of 97.2%, indicating patients 

with this abnormality have an excellent prognosis (Schwab et al., 2022; Moorman, 2016). An 

overview of the main genetic abnormalities is depicted in Table 5. The prognosis of these 

genetic abnormalities is well reported in the literature and is summarised by Roberts at al. 

(Roberts, 2018).    

Table 5. Summary of the main genetic abnormalities in paediatric ALL.  

 

Genetic Abnormality Description Prognosis Prevalence 

High Hyperdiploidy 51-67 chromosomes Good (>90%) 25-30% 

t(12;21)(p13;q22) 
ETV6::RUNX1 / TEL::AML1 

fusion 
Good (>90%) 25% 

t(1;19)(q23;p13) TCF3::PBX1 fusion 

Good with 

modern intensive 

protocols (>80%) 

~5% 

KMT2A 

11q23 rearrangements, KMT2A 

rearranged, t(4;11)(q21;q23), 

t(11;19)(q23;p13.3), t(9;11) 

del(11)q23 

Poor (<75%) ~5% 

t(9;22)(q34;q11.2) 
BCR::ABL1 fusion gene, 

Philadelphia positive 
Poor (<75%) 5% 

iAMP21 
Too many copies of a portion of 

chromosome 21 
Poor (<75%) ~3% 

Near Haploidy 24-29 chromosomes Poor (<75%) ~2% 

Low Hypodiploidy 30-39 chromosomes Poor (<75%) ~1% 

t(17;19)(q22;p13) TCF3::HLF fusion Poor (<75%) 1% 
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The risk classification of the genetic abnormalities outlined above is the convention that will 

be used in this thesis. However, there is no standard definition for risk groups across different 

countries/research groups and as such, patients with the same genetic abnormality may be 

treated with different intensity therapies based on protocol definitions. A comparison of the 

different classifications of genetic abnormalities is shown in Table 6. 
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 Study Group 

Genetic 

Abnormality 
COG St Jude NOPHO UKALL 

AIEOP-

BFM 
DCOG JACLS 

HeH 
Favourable 

(DT) 
Low Any Good 

Standard/ 

Medium 

Non-high/ 

High 

Standard/ 

High 

ETV6::RUNX1 Favourable Low Any Good 
Standard/ 

Medium 

Non-high/ 

High 

Standard/ 

High 

TCF3::PBX1 NC Standard 
Inter/ 

High 
Inter 

Standard/ 

Medium 

Non-high/ 

High 

Standard/ 

High 

KMT2A Unfavourable 
High (in 

infants) 
High Poor High High High 

BCR::ABL1 NE High NE NE High High High 

iAMP21 Unfavourable NC 
Inter/ 

High 
Poor 

Standard/ 

Medium 

Non-high/ 

High 

Standard/ 

High 

NH Unfavourable Standard High Poor 
Standard/ 

Medium 

Non-high/ 

High 

Standard/ 

High 

LH Unfavourable Standard High Poor 
Standard/ 

Medium 

Non-high/ 

High 

Standard/ 

High 

TCF3::HLF NC NC Any Poor 
Standard/ 

Medium 

Non-high/ 

High 

Standard/ 

High 

Table 6. Comparison of several genetic risk group classifications. Patients classified as more 

than one group or “any” were classified to groups based on other factors such as response to 

therapy or other clinical and demographic factors rather than just cytogenetics alone. COG: 

Children’s Oncology Group, NOPHO: Nordic Society of Pediatric Hematology and Oncology, 

UKALL: United Kingdom Acute Lymphoblastic Leukaemia, AIEOP-BFM: Associazione Italiana 

di Ematologia e Oncologia Pediatrica and Berlin Frankfurt Münster, DCOG: Dutch Childhood 

Oncology Group, JACLS: Japan Childhood Leukemia Study Group. Inter: Intermediate, NC: Not 

Classified, DT: Double Trisomy, NE: Not Eligible. 
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 1.6.7 Measurable residual disease 

Measurable residual disease is the name given to the number of cells remaining in the body 

at the time of testing, for example at the end of induction (Leukaemia and Lymphoma Society, 

2024). MRD testing is used to quantify these cells when the cancer is no longer detectable by 

blood tests (Chen et al., 2024). Assessment of MRD is performed via three different 

techniques, namely polymerase chain reaction (PCR), flow cytometry, or next-generation 

sequencing (NGS) (Dekker et al., 2023). The different techniques and their sensitivities are 

shown in Table 7. 

Technique Sensitivity 

Flow cytometry 10-4 to 10-5 (0.01% to 0.001%) 

Polymerase chain reaction 10-4 to 10-5 (0.01% to 0.001%) 

Next-generation sequencing 10-6 (0.0001%) 

Table 7. Techniques for assessing measurable residual disease. Information source: (Dekker 

et al., 2023). 

 

Measurable residual disease at the end of induction is a strong prognostic indictor and is often 

used for patient stratification in a clinical setting (Sutton et al., 2009). Jacquy et al. (1997) 

demonstrated that a threshold of 0.001 (0.1%) for EOI MRD successfully identified a good risk 

group with 100% DFS and a poor risk group with 27% survival showing the prognostic value 

of MRD (Jacquy et al., 1997). More recent studies, however, found a threshold of 0.01% to be 

most optimal with a hazard ratio of 0.18 (0.11-0.29) for MRD negative patients compared to 

MRD positive patients (Berry et al., 2017). Children with MRD levels <0.01% are frequently 

assigned to non-high-risk groups due to their superior survival rates. However, the clinical 

significance of this threshold is unclear and there has been debate if this is the optimal 

threshold for prognosis (Sutton et al., 2009; Jacquy et al., 1997). In recent years, due to a lack 

of consensus on cutpoints and the loss of prognostic value associated with unnecessary 

categorisation, there has been a shift toward the use of continuous variables where possible 

(Donadieu et al., 2000; Enshaei et al., 2020).   

Advances in patient risk stratification using early treatment response (measurement of MRD) 

and somatic genetic abnormalities have greatly improved treatment allocation and 
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nowadays, patients with low-risk disease are considered for treatment de-escalation while 

high-risk patients are allocated therapies that are more experimental. MRD and the majority 

of genetic abnormalities are prognostic rather than predictive biomarkers (Campana, 2010). 

1.7 Risk-adapted therapy 

Modern treatment of ALL in children and adolescents has seen an intensification for all 

patients contributing to the improvement in event-free survival (EFS) seen over the last 6 

decades (Esparza and Sakamoto, 2005; Seibel, 2008). However, this approach has led to the 

overtreatment of some patients resulting in unnecessary toxicities (Seibel, 2008). This was 

the premise for “risk-adapted therapy” in which patients with better risk features are treated 

with less-intensive therapy whilst children with a lower probability of survival according to 

risk features receive more aggressive therapy (Cooper and Brown, 2014). 

In 1993 at an international conference supported by the National Cancer Institute (NCI), a set 

of risk criteria were adopted by both the Pediatric Oncology Group (POG) and the Children’s 

Cancer Group (CCG). The NCI criteria were based on known risk factors – age at diagnosis and 

initial white blood cell (WBC) count (Seibel, 2008). Risk classification has continued to evolve 

with the addition of other risk factors and the development of classifiers by other cooperative 

groups (Stanulla et al., 2018; Moorman et al., 2022b; Enshaei et al., 2020). 

In international paediatric ALL clinical trials, patients with good risk cytogenetics 

(ETV6::RUNX1 and high hyperdiploidy), or patients with a good risk copy number alterations 

(CNA) profile coupled with good response to induction therapy will be assigned to treatment 

pathways which include dose reductions. In contrast, patients with high risk genetic 

abnormalities (KMT2A fusions, near haploidy, low hypodiploidy, intrachromosomal 

amplification of chromosome 21 (iAMP21) and TCF3::HLF) will be assigned to more intensive 

treatment irrespective of initial treatment response. 

1.8 Differential outcome by genetics 

It is clear within the literature that there is a differential outcome by genetics. This difference 

may be caused by underlying genetic-treatment interactions. There are two types of therapy 

to treat paediatric ALL – targeted and untargeted therapy. A clear example of a genetic-

treatment interaction is that of the tyrosine kinase inhibitor (TKI) imatinib and BCR::ABL1. 

Imatinib is a targeted therapy that was developed to inhibit proliferation of cells transformed 
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by BCR::ABL1 and induce apoptosis (Braun, Eide and Druker, 2020). Recent studies have 

shown that TKIs can also be used to treat ABL-class gene fusions (chimeric gene fusions whose 

functional consequence result in the constitutive activation of the ABL pathway, mimicking 

BCR::ABL1 fusions) (Moorman et al., 2020). Interactions between genetics and non-targeted 

therapy are much harder to explore and rely on in vitro or clinical evidence.  

 There is in vitro evidence for specific drug-genetic interactions in terms of sensitivity. For 

example, high hyperdiploid cells are particularly sensitive to methotrexate. Methotrexate 

polyglutamates have been shown to accumulate preferentially in lymphoblasts harbouring 

hyperdiploid compared with other genetic subtypes of ALL (Whitehead et al., 1998). Cells 

harbouring an ETV6::RUNX1 fusion have been shown to be particularly sensitive to asparagine 

treatment (Roel et al., 2019). Asparaginase sensitivity was also shown to correlate with B cell 

differentiation (Huang et al., 2024). It was also found that both ETV6::RUNX1 and high 

hyperdiploidy are highly sensitive to prednisolone, vincristine, daunorubicin and L-

asparaginase, four drugs commonly used in induction therapy, whilst poorer prognosis 

subtypes did not show that same sensitivity (Lee et al., 2023b). Furthermore, patients with 

IK6 expression (aka IKZF1 exon 4-7 deletion) were found to be sensitive to cytarabine and, 

conversely, showed resistance to both daunorubicin and asparaginase (Rogers et al., 2021). 

Both methotrexate and asparaginase are mainstay drugs in ALL therapy. These in vitro 

observations are reflected by the treatment response of patients with these abnormalities. 

Patients with ETV6::RUNX1 have a very rapid response to induction therapy that includes 

asparaginase and go on to have excellent long-term outcomes. In contrast, patients with high 

hyperdiploid have slower response to induction therapy (which does not include systemic 

methotrexate) yet still have excellent long-term outcomes. However, the clinical utility of this 

information is limited because no patient with ALL is treated with monotherapy. All patients 

with ALL are treated on multimodal chemotherapy regimens. Even those patients with 

BCR::ABL1 or ABL-class fusion who receive targeted therapy with TKIs receive it as adjuvant 

chemotherapy rather than monotherapy.  

There is also clinical evidence for drug-genetic interactions. Examples of these interactions in 

the literature include the Clappier et al. study which shows the adverse effect an IKZF1 

deletion harbours on event-free survival as well as the fact that vincristine-steroid pulses 

given to these patients during maintenance helps prevent relapses (Clappier et al., 2015). 
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Furthermore, it was found that shorter maintenance therapy does not increase relapse risk 

for females or patients with either an ETV6::RUNX1 or TCF3::PBX1 fusion, but that the good 

prognosis reported for high hyperdiploidy patients highly depends on sufficient duration of 

maintenance therapy (Kato et al., 2017). Currently there is little information about the 

interaction between somatic genetics and the response to specific therapeutic pathways, 

although some findings suggest that certain single-nucleotide-polymorphisms (SNPs) are 

associated with variations in therapy response (Yang et al., 2009; Aplenc et al., 2003; Ceppi et 

al., 2014; Larkin et al., 2023).  

Whilst the interaction between genetics and response to therapeutic pathways could be 

relatively simple to identify and exemplify using traditional statistical methods such as a Cox 

regression model or regression techniques, it is likely that some of these interactions will be 

too complex to be fully explained in such simplistic terms. The future for risk stratification 

may lie in the use statistical models that account for the weighting of each factor as well as 

any significant interactions while assigning risk, rather than using prognostic factors 

individually (Enshaei et al., 2020; Shouval et al., 2021). This is now widely possible through 

the accessibility of large historic datasets and the use machine learning, a subdomain of 

artificial intelligence (AI), to assess data for models not interpretable using traditional 

statistical methods (Pan et al., 2017). 

1.9 Survival Analysis 

Survival analysis is a collection of statistical methods which address questions regarding time 

to a specific event of interest (Guo, 2010). It is an area of research with many applications 

across areas such as engineering, biological, and social sciences (Klein and Goel, 2013). It can 

be used to investigate a variety of matters including recovery from a disability, the length of 

time children stay in foster homes, time between mental health treatment interventions, and 

the working life of a piece of machinery before repair is needed (Liu, 2012; Guo, 2010). Time 

to an event is the main interest of many cancer studies and as such, survival analysis is the 

most often used statistical method for analysing cancer clinical trial data (Clark et al., 2003; 

Cox, 2022).  

The time interval considered in survival analysis for cancer studies is typically from the day a 

patient starts treatment on a clinical trial to the time of last contact with the patient. If the 
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relevant event is not observed within this time interval then the survival time is considered 

right-censored (Jenkins, 2005). If an event is observed, then this length of time is known as 

the survival time of that individual (Pagano, Gauvreau and Mattie, 2022). In general, the most 

common events considered in survival analysis in a cancer setting are death, relapse, or 

secondary tumour with a patient considered to be in continuing remission (i.e. no event) 

otherwise. Traditional cross-sectional and longitudinal approaches to analysis are not widely 

applicable to time to event data because of censoring and the fact that the data are rarely 

Normally distributed with many events typically happening early and fewer later events 

occurring. (Clark et al., 2003; Guo, 2010).  

There are two functions which are the core of survival analysis, namely the survival function 

S(t) and the hazard function h(t) which are defined as the probability of surviving beyond a 

specified time point t and the probability of an event at time point t (or instantaneous rate of 

failure) respectively (Cox, 2022). The survivor function can be estimated nonparametrically 

using Kaplan-Meier methods (Kaplan and Meier, 1958) which can be used to quote survival 

rates at distinct time points (the percentage of patients who haven’t had the event of interest 

at a given time point) and plot the estimated survival probability against time known as a 

Kaplan-Meier curve (Clark et al., 2003). A comparison of the survival curves for 2 or more 

groups of interest is performed using the log-rank test to determine if the survival distribution 

of these groups is identical (Pagano, Gauvreau and Mattie, 2022). This is often utilised to 

determine information such as whether a specific treatment has had an impact on survival in 

one subgroup compared to those untreated or whether two different treatments have 

differing effect on survival for example.  

It can also be of interest to study the relationship between the time to event outcome and 

variables such as demographic, clinical, and treatment factors which is done through Cox 

proportional hazards regression model (Cox, 1972; Dawson, Blanchette and Pihlstrom, 2021). 

This model calculates a hazard ratio (HR) for these factors from the hazard function and can 

be interpreted as the risk of an outcome of interest in one group (eg. males) / risk of an 

outcome of interest in another group (eg. females). For example, in a situation where the risk 

of death in men is twice that of the risk of death in women then the hazard ratio for men 

would be 2 compared to the baseline hazard group (denoted as 1) (Brody, 2012). 
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The use of survival analysis to assess treatment effect on patient outcomes is commonplace 

in childhood ALL research. Examples in the literature include Brown et al. and Locatelli et al. 

who utilise Kaplan Meier methods and Cox proportional hazards models to determine the 

effect of immunotherapy with blinatumomab vs chemotherapy on disease-free survival and 

event-free survival in relapsed patients respectively (Brown et al., 2021; Locatelli et al., 2021). 

For frontline therapy, Moorman et al. highlighted the benefit to overall, event-free and 

relapse-free survival of more intensive therapy for iAMP21 patients, whilst Vora et al. 

suggested that patients with higher levels of MRD at the end of induction had statistically 

higher event-free survival rate when treated with augmented post-remission therapy 

compared to standard therapy, but suffered from a higher proportion of adverse events 

(Moorman et al., 2013; Vora et al., 2014). Kaplan-Meier methods, Cox proportional hazards 

models, and log-rank tests are amongst several techniques employed within this project to 

determine the impact of varying treatment elements on survival of good risk genetics 

patients. 

1.10 Artificial intelligence 

Artificial Intelligence (AI) describes computational programmes that simulate human 

intelligence, such as problem solving and learning (Shouval et al., 2021). Originally, projects 

took what is called the knowledge based approach and sought to hard-code knowledge about 

the world in formal languages, as the computational programmes could then reason 

automatically about these statements using logical inference rules. However, these projects 

didn’t result in any major success, as people struggle to devise these complex formal rules 

with enough accuracy to describe the world to the computational programme (Goodfellow, 

Bengio and Courville, 2016). Thus, machine learning was developed in which the AI systems 

have the ability to acquire their own knowledge by extracting patterns from raw data 

(Goodfellow, Bengio and Courville, 2016). 

 1.10.1 Machine learning 

Machine learning (ML) is a branch of computational algorithms that are designed with the 

intention of emulating human intelligence by learning from the current context with the 

ability to then apply the algorithm to unseen tasks. A machine learning algorithm is a 

computational process that uses input data to achieve a desired task without being 

programmed to produce a particular outcome (El Naqa and Murphy, 2015). These algorithms 
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automatically adapt through repetition (often called “experience”) so that they can perform 

the desired task optimally. This process is called training, in which samples of input data are 

provided along with their desired outcomes. This training can be done continuously through 

the algorithm’s “life” as it processes new data, rather than a finite process performed during 

initial adaption. Training typically consists of a training dataset in which the algorithm “learns” 

and, from its findings, develops a model or identifies factors. These models are then tested in 

a validation dataset – a previously unseen dataset, in order to test the applicability of the 

model to other data, determining its efficacy. These two steps can be cycled through multiple 

times to tune the algorithm. Finally, the optimal model is tested in a third dataset, once again 

unseen by the algorithm. 

There are many tasks that a computational algorithm can perform. The input data can be 

selected and weighted to provide the optimal outcomes. The algorithm can have a network 

of possible computational pathways that it arranges for optimal results. It can also determine 

probability distributions from the input data and use them to predict outcomes (El Naqa and 

Murphy, 2015). These varied uses make machine learning algorithms widely applicable to a 

host of different fields including pattern recognition, finance, and entertainment, as well as 

medical applications. 

Machine learning can be classified into 3 types of learning: supervised learning, unsupervised 

learning, and semi-supervised or “reinforcement” learning (Jordan and Mitchell, 2015). 

Generally, supervised learning involves building a statistical model for predicting an output 

based on one or more inputs. A model is trained on data that includes variables (known as 

features) and the outcome (known as labels). The algorithm then creates a function to map 

the features to labels, which it can then use to predict the labels of new unlabelled data 

(Shouval et al., 2021).  Unsupervised learning has inputs but no supervising output. This form 

of machine learning is often used to learn relationships and structure for the data (Shouval et 

al., 2021; James et al., 2021).  The findings from unsupervised learning are then generally 

evaluated based on performance in a subsequent supervised learning task, assessing whether 

these findings are useful in the context of the data (Shouval et al., 2021).  Reinforcement 

learning refers to a class of techniques designed to train computational agents to successfully 

interact with their environment. The learning can happen through trial and error, 
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demonstration or through a hybrid approach (Esteva et al., 2019). Feedback from the 

consequences of decisions on the training set shape the model (Shouval et al., 2021).  

1.10.1.1 Decision Trees 

Decision trees (DT) are supervised learning models that hierarchically map data domains onto 

response sets (Suthaharan, 2016). Decision trees are utilised in both regression and 

classification tasks with the goal of predicting a class or value of the target variable where for 

classification tasks the target variable is discrete, and for regression tasks, it is continuous. 

This thesis focusses only on the use of classification trees.  

Classification decision trees are used to assign a “label” to data such as deciding which class 

a new observation belongs in. It does this by partitioning the input variables, called features, 

recursively until a successful classification has been achieved. This classification can be a 

binary outcome or a categorical variable of three or more, whilst features can be categorical 

or continuous. A decision tree determines which features it should use to split the tree, as 

well as the values of those features, at each node by using information gain as a quantitative 

measure with the aim being to maximise the information gain (Suthaharan, 2016). The 

decision trees throughout this project use the Gini (generalised inequality index) index as their 

measure of information gain (defined in Section 2.5.1). The structure of a decision tree is 

shown in Figure 10. 
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Figure 10. Example structure of a decision tree with the terminology for each part of its 

construction. (Charbuty and Abdulazeez, 2021).   

1.10.1.2 Random Forest 

The Random Forest (RF) algorithm is a supervised machine learning method that combines 

decision trees and aggregates their predictions by voting for classification problems and 

averaging for regression problems (Biau and Scornet, 2016). Random forest is an ensemble 

method (Section 2.5.4) as it is an ensemble of trees constructed from training data (Boulesteix 

et al., 2012). Random forests for classification are focussed on in this thesis. 

In the random forest algorithm, an individual training set is acquired for each tree by 

randomly subsampling overall training set with replacement. This process is referred to as 

“bootstrap aggregation” or “bagging” (Section 2.5.4.2). The remaining samples from the 

overall training set are referred to as the out-of-bag (OOB) samples and can be used as 

internal validation for each individual tree (Rigatti, 2017). Once each tree has been 

constructed, the predictions of these trees are aggregated through majority voting to attain 

one overall prediction from the random forest (Parmar, Katariya and Patel, 2019). The 

performance of the algorithm can then be tested on an external validation set or test set 

previously unseen by the trees (Section 2.5.3). This process is illustrated in Figure 11. 
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Figure 11. Flowchart demonstrating the process of the Random Forest algorithm. 

(Boulesteix et al., 2012). 

 

1.10.2 Applications of machine learning 

Due to the wealth of data sources in the modern age, ranging from health data such as that 

of the human genome project, to cybersecurity and social media data, applications of 

machine learning are vast and continually increasing (Sarker, 2021). Machine learning 

methods have been applied to various domains including credit risk analysis, fraud detection, 

medical diagnosis, and customer profiling (Tzanis et al., 2006). Some areas in which machine 

learning are commonly used, and their specific applications are depicted in Figure 12. 
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Figure 12. Areas that utilise machine learning. (Geetha and Sendhilkumar, 2023). 

 

In the field of health care, a key area in which machine learning is applied is computer-aided 

diagnosis. Computer-aided diagnosis uses pattern recognition techniques in order to identify 

structures of interest from an image such as an X-ray, ultrasound, or MRI (Mohammed, Khan 

and Bashier, 2016). This utilisation of machine learning is applied within oncology to aid in the 

diagnosis of several types of cancer included breast, lung, colon, and prostate as well as bone 

metastases (Mohammed, Khan and Bashier, 2016). 

 

1.10.2.1 Applications in cancer 

Machine learning has become increasingly popular in cancer research in a number of areas 

including cancer susceptibility, relapse prediction and survivability (Kourou et al., 2015). One 

study showed that the number of papers discussing the use of machine learning in cancer 

prediction and prognosis increased by 25% per year. It was also found that machine learning 

has been used to successfully predict outcome or risks in almost a dozen different types of 

cancer, with the two most prominent being breast and prostate cancer accounting for 24% 

and 20% of papers in this area respectively (Cruz and Wishart, 2006; Zhang, Shi and Wang, 

2023). 
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Whilst it is clear that there has been much research into the use of machine learning in cancer 

research, very little has seen to be applied in practice. This could be due to the fact that the 

field is still relatively new and largely unfamiliar to clinicians and researchers alike. Another 

theory is that clinicians and oncologists would have to determine the best parameters to be 

used in predictive models – an area in which they have little or no expertise. Thus, until a 

model is robust to parameter variation, it will not be useful in practical applications (Park et 

al., 2013). 

1.10.2.2 Applications in leukaemia 

Many applications of machine learning in leukaemia are in the interest of diagnosis or 

classification (Rehman et al., 2018; Shafique and Tehsin, 2018; Rawat et al., 2017; 

MoradiAmin et al., 2016; Reta et al., 2015; Chin Neoh et al., 2015; Putzu, Caocci and Di 

Ruberto, 2014; Mohapatra, Patra and Satpathy, 2014; Ongun et al., 2001; Fišer et al., 2012). 

Table 8 summarises previous applications of machine learning in leukaemia in the literature. 

Whilst there have been several studies positing the use of machine learning in leukaemia in 

recent years, machine learning has never been used to address the aim and objectives of this 

project specifically, highlighting the importance of this work. 
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Application Machine Learning 
Algorithm 

Factors included in 
the model 

Efficacy Reference 

Identify children at 
high risk of ALL 
relapse 

Random Forest 
Model 

14 features including 
age, WBC, 

Lymphoblast in BM at 
diagnosis, 

Splenomegaly, 
Hepatomegaly, and 

BCR::ABL1 

Area under the curve 
(AUC) of 0.902 and 

0.904 when applied to 
two independent test 

sets 

(Pan et al., 
2017) 

Identify risk factors 
for adult 
Philadelphia 
positive ALL 
patients 

XGBoost (eXtreme 
Gradient Boosting) 

(a decision-tree 
based ensemble ML 

algorithm) 

BCR::ABL1 lineage, 
age, polymerase chain 

reaction (PCR), and 
WBC 

Risk groups were 
defined using the 

index of dichotomy in 
the XGBoost decision 
tree and they were 

statistically significant 
in both EFS and OS at 

4 years 

(Nishiwaki 
et al., 
2021) 

Predict HD-MTX-
related 
neutropenia and 
fever in childhood 
B-cell ALL 

Random Forest 
Model 

Platelets, absolute 
neutrophil count 
(ANC), the SNP 

rs11045879, and 
delayed clearance of 

MTX (48hr) 

Area under the curve 
of 0.927 for predicting 
neutropenia and 0.870 

for the model 
predicting fever 

(Zhan et 
al., 2021) 

Predict relapse 
after an allo-HSCT 

Alternating decision 
tree (ADTree) 

Age, diagnosis, the 
refined disease risk 

index56 (rDRI), donor 
type, graft, the use of 

TBI, and the 
conditioning regimen 

AUC of 0.667 in the 
validation cohort, a 
false positive rate 

(FPR) of 0.216, a false 
negative rate (FNR) of 
0.5 and an accuracy of 

71% 

(Armand et 
al., 2014) 

Computer-aided 
system classifying 
ALL into subtypes  

Convolutional 
Neural Network 

(CNN) 

Bone marrow images 
for 4 classifications L1, 

L2, L3, and normal 
Accuracy of 97.78% 

(Rehman 
et al., 
2018) 

Detection of ALL 
and classification 
into subtypes 

Deep Convolutional 
Neural Network 

(DCNN) – A 
pretrained AlexNet 

Bone marrow images 
for 4 classifications L1, 

L2. L3, and normal 

Detection: 
Accuracy of 99.5% 

Classification: 
Accuracy of 96.06% 

(Shafique 
and Tehsin, 

2018) 

Detection of ALL 
and classification 
into subtypes 

Hybrid Hierarchical 
Classifiers 

Bone marrow images 
for 4 classifications L1, 

L2. L3, and normal 

Overall accuracy of 
97.6% 

(Rawat et 
al., 2017) 

Diagnosis of acute 
lymphoblastic 
leukaemia 

Hierarchical 
Clustering Analysis 
(HCA) and Support 

Vector Machine 
(SVM) 

Samples from bone 
marrow or peripheral 

blood 
Efficacy not reported 

(Fišer et 
al., 2012) 

Table 8. Applications of machine learning in leukaemia within the literature. (Pan et al., 

2017; Nishiwaki et al., 2021; Zhan et al., 2021; Armand et al., 2014; Rehman et al., 2018; 

Shafique and Tehsin, 2018; Rawat et al., 2017; Fišer et al., 2012). 
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1.11 Project aims and objectives 

The overarching hypothesis of this PhD project is that patients with specific genetic 

abnormalities will respond optimally to different, but specific, treatment combinations. Due 

to the rise in survival from 50% to ~90% in paediatric ALL, it is reasonable to assume that 

highly effective chemotherapy regimens for many genetic subtypes exist within historic 

clinical trial datasets. Currently genetic abnormalities are used within treatment protocols 

and trials as effective prognostic biomarkers and to drive risk stratification. However, they are 

rarely used as predictive biomarkers to assign optimal treatment regimens; the exception 

being the aforementioned BCR::ABL1 and ABL-class fusions through adjuvant therapy with a 

tyrosine kinase inhibitor.  

The aim of this project was to identify treatment elements that are optimal for patients with 

an individual genetic abnormality to ensure that patients are given only the minimal dosages 

of drugs necessary in a patient’s therapy so that they are cured without unnecessary toxicity. 

The major objectives of the project were as follows: 

Objective 1: Compile a single pooled dataset comprising detailed patient-level information 

across multiple trials. The dataset will comprise three main sections: general patient data, 

genetic information, and detailed treatment information. The general patient information will 

include all known risk factors and parameters; for example: sex, age, white cell count, CNS 

disease, early response information, etc. The genetic section will include standard-of-care 

diagnostic genetic data collected and reviewed by Profs Moorman and Christine Harrison as 

part of previous research projects. In addition, we will supplement these data with results 

from additional genetic screening using FISH, MLPA, SNP arrays, and various NGS techniques 

using samples collected from patients treated on ALL97/99 and UKALL2003. Detailed 

treatment data will include which treatment blocks each patient received plus details of 

randomisations and risk directed therapy (such as cranial radiotherapy).  

Objective 2:  Utilise standard and advanced statistical techniques to explore the interaction 

between treatment and genetics. Provide robust data for a handful of genetic subtypes 

regarding the optimal treatment pathway and use this information prospectively within a 

clinical trial to assign patients to specific treatments pathways. Determine individual drugs 

doses for protocol pathways and use this information to derive a treatment intensity index. 
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Objective 3: Harness machine learning methodologies to explore the genetic-treatment 

interactions in more depth. Utilise the drug dosages calculated in objective 2 as well as 

information regarding treatment randomisations, regimens, and intensifications within trials 

to determine optimal treatment elements for good risk genetic patients. 
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2.1 Data collection 

Data for this project were comprised from multiple paediatric UK trials. Individual patient data 

for cases treated on UKALLXI, UKALL97, UKALL2003 and UKALL2011 were collected by the 

Leukaemia Research Cytogenetics Group (LRCG) from the clinical trial unit that conducted the 

trial and the NHS laboratory that performed the diagnostic genetic testing. Additional genetic 

data were generated by the LRCG as part of previous research projects. The original clinical 

trial data files are stored securely by the LRCG in either a bespoke online database or as 

standalone excel files. The LRCG stores all routine research genetics and genomic data in a 

bespoke database called CIMS (Cytogenetic Information Management System). All data used 

within this PhD were extracted directly from these sources and integrated into a single 

dataset. Both UKALLXI and UKALL97 underwent significant modifications during recruitment 

which affected outcome so during this PhD the following datasets were considered: UKALLXI, 

UKALLXI92, UKALL97, UKALL97/99, UKALL2003 and UKALL2011. As screening for 

ETV6::RUNX1 was not started until UKALLXI92, only the last five datasets were used for this 

analysis. All patients had given written informed consent for data collection and genetic 

studies as specified by the trials’ protocols. 

2.2 Clinical trial data 

The data that were utilised in this project were collected from patients enrolled on clinical 

trials from 1992 – 2018 over the course of four trials.  

2.2.1 UKALLXI92 (1992-1997) 

Changes to the UKALLXI protocol were made after interim analyses demonstrated the benefit 

of the early intensification block in 1991. Thus, from March 1992 all patients were to receive 

two intensification blocks, and a new randomisation was introduced, in which patients 

received a third intensification block or only two intensification blocks. Daunorubicin in 

induction was dropped due to concerns about cardiotoxicity. As well as the objectives 

established for the UKALLXI trial, UKALLXI92 also sought to assess whether a third 

intensification block improved relapse-free survival and compare long term learning and 

neuro-psychological effects of different CNS treatments. Randomisation of CNS treatment by 

presenting WBC remained the same as for UKALLXI, except for children aged between 1 and 

2 years at presentation with a white cell count >50x109/L who were assigned high dose 
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methotrexate CNS therapy after the modifications to the protocol. An outline of the 

treatment schedule for UKALLXI92 is shown in Figure 13. 

 

Figure 13. Treatment schedule on UKALLXI92. R.A: Randomly assigned, IT-MTX: Intrathecal 

methotrexate, HD-MTX: High dose methotrexate, WBC: white blood cell, L: litre. 

 

2.2.2 UKALL97 (1997-1999) 

UKALL97 opened in January 1997 to all children aged between 1 and 18 years old except those 

with mature B-ALL, BCR::ABL1 fusion gene, near haploidy, rearrangements involving the 

KMT2A gene on 11q23 and patients who were characterised as high risk by the Oxford Hazard 

Score who were treated on HR1 – a high risk study running in parallel to UKALL97. A hazard 

score of greater than or equal to 0.8 denotes a high score which is calculated as follows: 0.22 

× loge (WBC + 1.0) + 0.0043 × Age2 − 0.39 × Sex (male = 1; female = 2). In total, 2,108 patients 

were enrolled on UKALL97 with the objective of determining the effect of steroid and purine 

randomisations on remission rate and survival as well as continuing the objectives of 

UKALLXI92 regarding the effect of two vs three blocks of intensive therapy and to assess the 

need for cranial irradiation. Patients were randomised between the steroids prednisolone and 

dexamethasone during induction and continuing treatment as well as between the purines 

mercaptopurine and thioguanine throughout treatment. Further randomisations occurred for 

https://www.sciencedirect.com/science/article/pii/S0006497120537130#bib2


 

45 

 

patients with a presenting WBC count > 50x109/L between high dose methotrexate and 

cranial irradiation for CNS treatment. All patients with a WBC count ≤ 50x109/L were assigned 

intrathecal methotrexate as their CNS therapy. Continuing from UKALLXI92, patients were 

also randomised as to receiving a third intensification block or not. Details of these 

randomisations are outlined in Figure 14. 

 

Figure 14. Outline of treatment on UKALL97. WBC: white blood cell, l: litre, pred: 

prednisolone, dex: dexamethasone, 6-TG: thioguanine, 6-MP: mercaptopurine, HDMTX: high 

dose methotrexate, RTX: radiotherapy, i: intensification. 
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2.2.3 UKALL97/99 (1999-2002) 

Interim analyses from the UKALL97 trial indicated that there was a significant difference in 

disease free survival (5-7%) between patients who received a third intensification block and 

non-recipients, and pharmacokinetic data suggested changing the schedule for asparaginase 

administration would be beneficial. As such, a modification to the protocol was made in May 

1998 in light of these findings. Further protocol changes occurred in November 1999 in which 

patients were stratified according to NCI risk and intensification modules were modified to 

comply with the CCG protocol for standard risk patients due to superior event-free survival 

rates in these patients. On the modified protocol, patients with BCR::ABL1, near haploidy and 

KMT2A gene rearrangements were now eligible for the trial. Whilst steroid and purine 

randomisations remained on the modified trial, all other randomisations ceased, with 

patients being assigned regimens A, B, or C according to their risk stratification [Figure 15]. 

Patients on regimen C received Capizzi interim maintenance which is a type of maintenance 

that involves administering escalating doses of methotrexate to a total possible dose of 

300mg/m2 (Viswanathan et al., 2021). Analyses of the trial will be performed in two datasets 

to account for these modifications – the 1,004 patients enrolled before May 1998 will be 

referred to as the UKALL97 trial cohort whilst the 1,104 patients enrolled between May 1998 

and June 2002 (the end of the trial) will be referred to as the UKALL97/99 trial cohort.  

 

Figure 15. Outline of treatment regimens and randomisations on UKALL97/99. SR: standard 

risk, HR: high risk, cyto: cytogenetic, SER: slow early response, CNS: central nervous system, 

BFM: Berlin Frankfurt Münster. 

 

2.2.4 UKALL2003 (2003-2011) 

This trial for children and young adults aged between 1 and 25 years old opened in October 

2003. All patients with acute lymphoblastic leukaemia were eligible for this trial except those 
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with a t(9;22) translocation (who were moved onto a different trial after induction) or patients 

with mature B-ALL. In this trial, patients were no longer randomised for steroids or purines 

and instead everyone received dexamethasone and mercaptopurine respectively due to 

findings on UKALL97, which showed an increased risk of CNS and systemic relapses amongst 

dexamethasone recipients and an increased risk of Veno-Occlusive Disease (VOD) of the liver 

in thioguanine recipients.  

A total of 3,207 patients were enrolled on this trial and were initially split into three risk 

groups which were used to assign their treatment regimen. These groups were standard, 

intermediate, and high risk, which were used to assign patients to regimen A and regimen B 

or regimen C respectively. Standard risk patients were defined as children < 10 years old with 

an initial white cell count <50x109/L who do not have BCR::ABL1, hypodiploidy (≤44 

chromosomes), or a KMT2A gene rearrangement. Intermediate risk was for patients ≥ 10 

years old, and/ or children with a diagnostic white cell count ≥ 50x109/L without BCR::ABL1, 

hypodiploidy (≤44 chromosomes), or a KMT2A gene rearrangement. Patients were assigned 

to high risk if they had certain genetic abnormalities: a BCR::ABL1 rearrangement (induction 

only), low hypodiploidy, near haploidy, a KMT2A gene rearrangement, or iAMP21. Children 

who had a slow early response, defined as having more than 25% blasts in the marrow 

transferred to regimen C from their initial regimen along with the patients classified as high 

risk. This was at day 15 for regimen A patients, and for regimen B cases this was at day 8 

unless they were ≥16, in which case they remained on regimen B. At day 28 patients on 

regimen A and B has their bone marrow status reassessed and if they had >5% but <25% blasts 

they were transferred to regimen C. If their status was >25% blasts they were taken off 

protocol. If patients on regimen A and B had <5% blasts at day 28, they remained on their 

initial regimen.  

Children on UKALL2003 received either 1 or 2 delayed intensifications as outlined below. 

Patients were defined as MRD high risk if they had an MRD level >10-4 at day 29 and MRD low 

risk if they had negative MRD or an MRD level <10-4 at day 29. High risk patients were 

randomised for increased intensity: remaining on regimen A or B vs transferring to regimen C 

with 2 delayed intensifications. Low risk patients had their MRD levels repeated at week 11 

and if it was negative at week 11 they were randomised between 1 and 2 delayed 

intensifications and if it was positive then patients were assigned 2 delayed intensifications. 
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Patients with indeterminate MRD at either time point as well as all patients on regimen C, 

regardless of MRD status, received 2 delayed intensifications. Minor changes to the protocol 

were made throughout the trial including a change to MRD randomisations in August of 2009. 

From this point, all patients who achieved MRD low risk status received 1 delayed 

intensification. The threshold for low risk status also increased to <5 x 10-5 and MRD low risk 

patients no longer needed the repeat level at week 11 and were instead categorised at day 

29. The protocol for MRD high risk patients and those with indeterminate MRD remained the 

same. An outline of these details is given in Figure 16. 

 

Figure 16. Outline of treatment regimens and randomisations on UKALL2003. SR: standard 

risk, HR: high risk, SER: slow early response, R.A: Randomly assigned, neg: negative, pos: 

positive, cyto: cytogenetic, MRD: measurable residual disease, CNS: central nervous system, 

BFM: Berlin Frankfurt Münster. 

 

2.2.5 UKALL2011 (2011-2018) 

2,750 patients were registered on the UKALL2011 trial between April 2012 and December 

2018 when the trial closed. The aim of this study was to define whether refinement of MRD 

based risk stratification and treatment regimens improved survival whilst reducing overall 

burden of therapy in patients. There were also randomised and non-randomised objectives. 

The randomised objectives were: (1) to reduce toxicity through induction of a short 14 day 

course of high dose dexamethasone in lieu of the conventional lower dose given for 28 days 

and (2) To provide more effective CNS prophylaxis and reduce burden of therapy through 

introduction of high dose methotrexate, and by omission of vincristine and dexamethasone 

pulses and continuing intrathecal therapy in maintenance. The non-randomised objective was 

to decrease toxicity and reduce burden of therapy by administering a single delayed 
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intensification to all patients and limiting augmented therapy to those who are not MRD low 

risk.  

On UKALL2011, patients who had a slow early response did not move to regimen C until the 

start of consolidation and instead remained on their original regimen for induction. This was 

also the case for patients on regimen B with high risk cytogenetics. However, patients on 

regimen A with high risk genetics moved to regimen C on day 15. Furthermore, BCR::ABL1 

patients were immediately transferred to a different trial/ protocol. 

All patients received 1 delayed intensification on this trial. There were 3 randomisations on 

this trial: (1) In induction, patients were randomised between short vs standard 

dexamethasone in which the drug is scheduled at 10mg/m2/day for 14 days with no taper or 

the standard schedule of 6mg/m2/day for 28 days with a taper. (2) The second randomisation 

occurs in interim maintenance where patients receive standard interim maintenance where 

seven weekly doses of 20mg/m2 of oral methotrexate are scheduled for patients, or high dose 

methotrexate (protocol M) in which patients receive 5g/m2 four times over the 9-week phase. 

(3) Finally, in maintenance therapy, patients are randomised between receiving pulses of 

vincristine and dexamethasone on top of the maintenance backbone of mercaptopurine and 

methotrexate, and not receiving the pulses. A visual representation of the treatment 

regimens and randomisations is shown in Figure 17. 
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Figure 17. Outline of treatment regimens and randomisations on UKALL2011. SR: standard 

risk, HR: high risk, cyto: cytogenetic, SER: slow early response, dex: dexamethasone, BFM: 

Berlin Frankfurt Münster. 

 

2.3 Data processing  

After exporting all the relevant variables for this project from the aforementioned sources, 

there was a large volume of data as demonstrated in Table 9. Due to this, three datasets were 

created for each trial, except UKALL2003 and UKALL2011 for which suitable datasets were 

already available. The variables were split in demographic, genetic, and treatment datasets 

respectively. After cleaning and formatting, these datasets were then merged to form a final 

dataset containing any pertinent data. 
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Number of Patients Number of Variables 

UKALLXI92 

1709 197 

UKALL97 

1004 235 

UKALL97/99 

1104 197 

UKALL2003 

3112 158 

UKALL2011 

2517 183 

Table 9. Number of variables and patients available for each trial in the project. 

 

2.3.1 Data formatting 

The process of formatting the data began by ensuring that each of the categorical 

demographic variables such as sex and CNS status were identically coded across the trials, 

(e.g. 0 = male and 1 = female rather than 1 = male and 2 = female) in order to avoid errors 

when merging the datasets to create the final dataset used for analysis. Any variables that 

held the same information or any individual variable with multiple entries that held the same 

information were compiled so that it was all available only once in the dataset. This was a 

particularly common occurrence for genetic variables as they are often named in multiple 

ways to refer to the same abnormality (eg. Philadelphia chromosome = t(9;22) = BCR::ABL1). 

Further to this, dates were all assigned the same format of DD/MM/YYYY and the data were 

inspected, confirming that the dates occurred in a chronological order (eg. date of birth, date 

of treatment start, date of relapse, date of death). Finally, the date a person was last seen 

was changed to the latest date in the dataset using the “max” command as this was necessary 

to make certain any survival rates calculated from these variables were accurate.   

2.3.2 Data cleaning 

In order to create an optimal final dataset for analyses, any variables that were not pertinent 

to the analysis, as well as any duplicate variables were removed from the dataset. Patients 

who were no longer eligible for analyses due to misdiagnoses, withdrawal of consent, or 
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withdrawal from the trial were also removed. Files containing information relevant to these 

data held in LRCG stores were studied to identify potential protocol deviations and amend 

these data or remove these patients from the analysis accordingly. Examples of this include 

patients who moved treatment regimen due to patient request or patients who did not 

receive the allocated regimen but there is no recorded information on which treatment arm 

they did receive. This resulted in a finalised dataset of 6,716 patients who were eligible for 

analyses from the four trials and 5,880 patients with the necessary information available to 

calculate drug dosage. These patients ranged in age from <1 – 24 years old with a mean age 

of 6 years old. A consort diagram outlining the method leading to the finalised dataset is 

shown in Figure 18. 

 

Figure 18. Consort Diagram of method leading to the finalised dataset. 
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2.4 Statistical analysis 

Two endpoints were considered in this project: overall survival (OS) and event-free survival 

(EFS). Overall survival was defined as time from registration onto trial to death, censoring at 

date of last contact. Event-free survival was defined as time from registration to relapse, 

second tumour, or death, censoring at date of last contact. All survival rates were estimated 

using Kaplan-Meier methods and are quoted at 5 years and plotted using Kaplan-Meier 

curves. Risk tables were included in place of censor points on the Kaplan-Meiers to ensure 

clarity of curves whilst still retaining all necessary information regarding censored patients. 

The two-sided log rank test was used to evaluate the equality of survivorship functions in 

different subgroups. Univariate Cox proportional hazards models were used to investigate 

predictors of OS and EFS. The proportional hazards assumption states that the relative hazard 

must remain constant over time with different predictor or covariate levels. This was assessed 

using ‘estat phtest’ function in STATA. Mann-Whitney U tests were used to compare medians 

and assess distributions across continuous variables and comparison of categorical variables 

were performed with Χ2 test or Fisher’s exact test as appropriate. Forest plots and tests of 

heterogeneity, namely Cochran’s Q, 𝐼2, 𝐻2, and 𝜏2, were used to compare hazard ratios across 

different subgroups. P-values < 0.05 were considered statistically significant. Analyses were 

assumed to have adequate power due to a large cohort size (9163 patients total) surpassing 

any number of patients needed for 90% power in a log-rank test based on the Freedman 

method (Freedman, 1982). All analyses were performed using Intercooled Stata 18.0 

(StataCorp, College Station TX) or R 4.3.2 (R Core Team, Vienna Austria). 

2.4.1 T-stochastic Neighbour Embedding (t-SNE) clustering 

T-stochastic Neighbour Embedding is a technique to visualise high-dimensional data by 

converting the data into a matrix of pair-wise similarities (Van der Maaten and Hinton, 2008). 

It is most commonly used to produce a two-dimensional embedding of data in order to 

simplify the identification of structures in the data such as clusters (Linderman and 

Steinerberger, 2019; Arora, Hu and Kothari, 2018). Unsupervised t-SNE was used to visualise 

drug dosage and randomisation data to assess the presence of clusters based on patient 

outcome. Analysis was carried out using the “TSNE” function in Python’s scikit-learn package 

(version 1.4.2), Values for perplexity were assessed and adjusted dependent on the datasets 
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analysed. For all other parameters, default settings were used. Figure 19 exemplifies a t-SNE 

plot.  

 

Figure 19. An exemplar t-SNE plot. 

 

2.5 Machine Learning  

Decision tree, Random Forest, and XGBoost algorithms were employed in this project to 

determine optimal treatment elements to classify patients by outcome. These models were 

optimised (Section 2.5.2), and assessed using standard metrics (Section 2.5.3). 

2.5.1 Gini Index 

 The Gini index was used to assess the purity of each node. A dataset is considered pure if all 

the samples belong to the same class. The Gini index is a measure of how mixed the dataset 

is at each node. The range for the Gini index is between 0 and 0.5 where 0 is a completely 

pure dataset and 0.5 represents a completely impure dataset (Pramod, 2023). The Gini index 

is defined as: 

Gini = 1 − ∑ 𝑝𝑖
2

𝑖 , 

where 𝑝𝑖 is the probability of an object being classified to a particular class (Thakar, 2022). 

2.5.2 Optimisation 

Decision tree algorithms are considered “greedy” as they consider the best split at each 

individual node without considering any previous split and without looking back after a split, 
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i.e. all of the features are considered for split at each node regardless of if they have been 

used before and no pruning technique is applied (Zharmagambetov et al., 2021). Whilst this 

process often results in highly accurate trees that classify the training data well, these trees 

often don’t generalise well to unseen data due to over-fitting or over-parameterising the 

problem (Bennett, 1995). As such, optimisation methods are often applied to decision trees 

to ensure their generalisability. Optimisation methods applied to the machine learning 

methods within this thesis are described below and include cross-validation and pruning. 

2.5.2.1 Cross-Validation 

Cross-validation has a wide range of applicability in machine learning including tasks such as 

accuracy estimation, feature selection or parameter tuning (Blockeel et al., 2003). K-fold 

Cross-validation to estimate the predictive accuracy of the decision tree is performed by 

building K trees from subsets of the full dataset and assessing their accuracies to ensure it 

remains stable across these subsets (Galathiya, Ganatra and Bhensdadia, 2012). This ensures 

the classifications of our decision tree are truly accurate and not simply a result of bias in the 

training data (Nti, Nyarko-Boateng and Aning, 2021). 

2.5.2.1.1 Leave-one-out cross-validation 

Leave-one-out (LOO) cross-validation is a type of K-fold cross validation in which K equals n-1 

observations in a dataset of size n (Wong, 2015; Magnusson et al., 2020). The model is trained 

on all the observations except one, then the outcome of this observation is predicted. This is 

then repeated for all n observations (Magnusson et al., 2020). This is particularly 

advantageous when the sample size is small as it ensures a maximum number of samples in 

the training dataset, giving the model the best possible chance of correctly classifying patients 

due to more examples. 

2.5.2.2 Pruning 

Pruning is a technique employed to both reduce overfitting of a decision tree and to simplify 

the tree to increase the interpretability (Mohamed, Salleh and Omar, 2012). This is done by 

reducing the size or depth of a decision tree by removing sections from the tree so as not to 

compromise the algorithms ability to accurately classify samples (Shamrat et al., 2021). 

Pruning can be performed in two different ways. The first is to prospectively decide when to 

stop the growth of the tree, a method that is referred to a pre-pruning; the second is to 
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retrospectively reduce the size of the full tree, referred to as post-pruning (Esposito et al., 

1997). There are several established methods for each of these approaches two of which will 

be utilised in this project. 

2.5.2.2.1 Cost Complexity 

Cost-complexity pruning is a post pruning technique comprised of two steps. Where Tmax is 

the largest possible unpruned tree, the following is performed: 

1. Selection of a parametric family of subtrees of Tmax obtained by sequentially pruning 

branches from Tmax that results in the lowest increase in apparent error rate per 

pruned leaf. 

2. Choice of the best tree Ti according to a true error rate with respect to the predictive 

accuracy of the trees in the parametric family (Esposito et al., 1997). 

The optimal choice for a tree is one that maximises accuracy with the fewest number of nodes 

in order to avoid overfitting or underfitting the tree, both of which would lead to a tree with 

poor generalisability. 

2.5.2.2.2 GridSearchCV 

GridSearchCV is a function in python’s scikit-learn package (version 1.4.2) that can be used to 

perform hyperparameter tuning. Hyperparameters are second-level tuning parameters 

usually specified by the designer of the model, and include elements such as the maximum 

depth of the tree or the minimum number of samples per leaf; as opposed to the first-level 

model parameters which are learned by the algorithm from the training data (Probst, 

Boulesteix and Bischl, 2019; Nyuytiymbiy, 2020). Hyperparameter tuning is the method of 

comparing a range of values of a model’s hyperparameters to choose the values that optimise 

the model on certain metrics such as accuracy (Probst, Wright and Boulesteix, 2019). 

GridSearchCV iterates through all the possible combinations of values for the 

hyperparameters in a model to choose both the best hyperparameters for a model and their 

optimal values (Ahmad et al., 2022). This can be used as a pruning technique for decision trees 

as GridSearchCV can iterate through possible depths of a tree, as well as the number of 

features to consider at each node, resulting in an optimal max depth and max number of 

features for a highly accurate tree. 
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2.5.2.3 Addressing imbalanced classes 

A common problem that can affect the efficacy of a decision tree algorithm is that of 

imbalanced classes (He and Garcia, 2009). Data are imbalanced if the classification categories 

are not approximately equally represented (Liu, Wang and Zhang, 2009). This is an issue as 

several machine learning algorithms, including decision trees, assume approximately 

balanced classes (Tanha et al., 2020). This imbalance can result in high global accuracy for a 

decision tree as the majority class can be correctly classified, but may have incredibly low 

accuracy in the minority class, which is particularly troublesome when this is the class of 

interest (Vuttipittayamongkol, Elyan and Petrovski, 2021). There are several widely accepted 

approaches to resolve the issue of imbalanced data and thus improve the accuracy in the 

minority classes, many of which include data resampling (Patel et al., 2020). Several methods 

employed in this thesis include oversampling, undersampling, and weighting which are 

outlined in detail below. The python package imbalanced-learn (0.12.3) was used for SMOTE 

and NearMiss resampling whilst the weighting was embedded in the DecisionTreeClassifier 

command within scikit-learn (1.4.2).  

2.5.2.3.1 Oversampling 

Oversampling is an approach that balances the data by adding additional samples to the 

minority class (Krawczyk, 2016). These samples may be duplicated from the minority class or 

synthetic data created through techniques utilising nearest neighbour strategies (Fernández 

et al., 2018b). A visual demonstration of this is shown in Figure 20. The oversampling method 

used in this project is the Synthetic Minority Over-Sampling Technique (SMOTE) which follows 

this process: 

1. Take a sample from the minority data and consider its k nearest neighbours in the 

feature space 

2. Take the vector between one of those k neighbours and the minority sample. 

3. Multiply this vector by some number, x, which lies between 0 and 1. 

4. Add this to the minority sample to create the synthetic data point (Chawla et al., 

2002). 
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Figure 20. Examples of resampling methods. (Mohammed, Rawashdeh and Abdullah, 2020). 

2.5.2.3.2 Undersampling 

Undersampling is resampling approach that balances the data by excluding majority samples 

from the dataset (Krawczyk, 2016). These samples may be selected randomly or through 

nearest neighbour methods such as the NearMiss algorithm (Fernández et al., 2018b). There 

are three versions of the NearMiss algorithm: NearMiss-1, which selects majority samples by 

determining those whose average distance to the three closest minority samples is the 

smallest. NearMiss-2 selects majority samples whose average distance to the three farthest 

minority class samples is the smallest. NearMiss-3 selects a given number, n, of the closest 

majority samples to each minority sample to ensure that every minority sample is surrounded 

by some majority samples. NearMiss-1 was used in this project. 

2.5.2.3.3 Weighting  

A technique to address imbalanced data without resampling is that of class weights. This is 

implemented by assigning weights to samples in the different classes, which informs the 

model how much “attention” to pay to these samples thus stopping the model from ignoring 

samples in the minority class (Fernández et al., 2018b). Some common methods include 

assigning equal weight to the classes so that the model assigns equal importance to correctly 

classifying the groups, or assigning a higher weight to the minority data and a lower weight 

to the majority data in order to have the model prioritise correctly classifying minority 

samples (Huang et al., 2013; Vuttipittayamongkol, Elyan and Petrovski, 2021). 
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2.5.3 Model Evaluation 

It is vital that the decision tree model is evaluated to ensure the classifications are accurate. 

This is performed by employing the decision tree on unseen data, often referred to as test 

data, and measuring its performance. There are several metrics to assess the performance of 

decision trees on unseen data many of which involve the use of the true positive, false 

positive, true negative and false negative rates as detailed in Table 10. In python, the below 

metrics were determined using commands from the scikit-learn (1.4.2) package. 

Ratio Formula Definition 

True positive rate (Sensitivity) 

 

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

The probability that an 

actual (true) positive result 

will test positive. 

False positive rate 

 

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

 

The probability that a 

positive result will be given 

when the actual (true) value 

is negative. 

True negative rate (Specificity) 

 

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

 

The probability than an 

actual (true) negative result 

will test negative. 

False negative rate 

 

𝐹𝑁

𝐹𝑁 + 𝑇𝑃
 

 

The probability that a 

negative result will be given 

when the actual (true) value 

is positive. 

Table 10. Ratios used in measuring the accuracy of a decision tree. 

 

2.5.3.1 Accuracy 

A common metric to determine the overall performance of a decision tree is the accuracy 

score. The accuracy score is used to measure the proportion of correctly classified instances 

in the test data. Accuracy scores are often denoted as a decimal and range from 0 to 1 or can 

be viewed as a percentage. The formula for the accuracy score is: 



 

60 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑠𝑐𝑜𝑟𝑒 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Where TP = true positive, TN = true negative, FP = false positive and FN = false negative. This 

can be interpreted as the total number of correct predictions over the total number of 

predictions made (Vujović, 2021).  

Whilst the accuracy score is a useful metric, in certain instances a decision tree can have a 

high accuracy score and still be a poor model overall due to issues such as imbalanced classes 

(Section 2.5.2.3). In these instances, other, more appropriate metrics can be considered such 

as precision, recall, and F1-score. 

2.5.3.2 Precision 

Precision, also called specificity, is a ratio of the true positive cases out of all cases who were 

predicted to be positive. This metric is a decimal that ranges between 0 and 1 where a higher 

value denotes a larger proportion of accurate positive predictions. Precision can be written 

mathematically as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Where TP is true positive and FP is false positive (Vujović, 2021).  

This metric is a useful aid in determining the overall performance of a decision tree as it 

ensures that the tree doesn’t incorrectly classify many patients as positive, which, in the 

instance of imbalanced classes, could still result a high accuracy score. Precision can be 

interpreted as how often the decision tree is correct when it has given a positive prediction.   

2.5.3.3 Recall  

Recall, also called sensitivity, is the measure of how frequently the decision tree has correctly 

classified the true positive cases. The formula for this is: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Where TP is true positive and FN is false negative (Vujović, 2021).  

This metric is a measure of how many cases of an event of interest have been identified. 

Whilst the overall aim of a decision tree is perfect classification with no errors, in practice this 



 

61 

 

is highly unlikely. When a decision tree doesn’t have a perfect classification, it isn’t possible 

to have high precision and recall simultaneously, as one is increased at the cost of the other. 

This is referred to as the precision/recall trade-off (Kuruvilla and Kundapura, 2022).  

2.5.3.4 F1-Score 

F1-score is a useful metric in instances where precision and recall are equally important and 

a trade-off isn’t possible as it is the harmonic mean of the precision and recall (Kuruvilla and 

Kundapura, 2022). It can be written mathematically as: 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

F1-score can also be depicted as a decimal or a percentage and a high F1-score indicates high 

precision and recall values (Vujović, 2021).  

2.5.3.5 Confusion Matrix 

A confusion matrix depicts the results of the classification performed by the machine learning 

algorithm (Varoquaux and Colliot, 2023). It divides the samples into four categories (for binary 

classification) based on their true labels and predicted labels demonstrating how many were 

accurately classified or misclassified (Varoquaux and Colliot, 2023). An example confusion 

matrix is shown in Figure 21 below. 

 

Figure 21. Example confusion matrix. 
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2.5.3.6 Receiver Operating Characteristic Curve  

A receiver operating characteristic (ROC) curve is the plot between the sensitivity (y-axis) and 

1-specificity (x-axis) which shows the performance of the decision tree at all classification 

thresholds (Vujović, 2021; Nahm, 2022). As seen in Figure 22, the baseline of an ROC curve is 

the straight line from the point (0,0) to (1,1) on the plot and this would indicate a decision 

tree with random performance. Any curve above the baseline is considered a good indicator 

of the trees performance whilst anything below the baseline suggests poor performance 

(Nahm, 2022).  

 

Figure 22. Examples of Receiver operating characteristic curves indicated performance. 

(Saito, 2024). 

 

A common measure used when evaluating the performance of a decision tree using the ROC 

curve is the area under the ROC curve (AUC) (Muschelli, 2020). This is the area under the 

curve calculated in the ROC space and has a range between 0 and 1 where the midpoint, 0.5, 

is the score of a random classifier, the baseline curve (Hoo, Candlish and Teare, 2017). AUC 

scores of greater than 0.7 are considered good classifiers with values of 0.8 and above 

generally preferred for a model with practical applications (Hosmer Jr, Lemeshow and 

Sturdivant, 2013). 

2.5.4 Ensemble methods 

An approach used to improve the accuracy and performance of individual machine learning 

algorithms is the use of ensemble methods (Mohammed and Kora, 2023). In the context of 

classification, ensemble methods are learning algorithms that construct multiple individual or 

“base” learners and combine them, often by aggregating the classification predictions of the 

learners and taking the majority vote (Dietterich, 2000; Kunapuli, 2023). These base learners 
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are usually machine learning algorithms such as decision trees or neural networks (Zhou, 

2012). As a result of this process, ensemble methods are often better at generalising 

(accurately predicting classification of unseen data) than the base learners and are thus 

frequently referred to as strong learners. Conversely, base learners are referred to as weak 

learners (Zhou, 2012). As well as the original ensemble method of Bayesian averaging, there 

are also Boosting (Schapire, 1990; Freund, 1995; Freund and Schapire, 1996) and Bagging 

(Breiman, 1996) approaches to ensemble learning. 

2.5.4.1 Boosting 

The concept of boosting is to produce a series of classifiers where the training set used for 

each classifier is based off of the performance of the earlier classifiers in the series, resulting 

in incorrectly classified samples being selected more often than correctly classified samples 

(Maclin and Opitz, 1997). This gives the algorithm more opportunity to correctly classify those 

samples, whilst ignoring the ones already correctly classified. Extreme Gradient Boosting 

(XGBoost) was the boosting algorithm applied in this project.  

2.5.4.2 Bagging 

Bagging is a term derived from a technique called bootstrap aggregation and is a parallel 

learning approach (Kumar, Kaur and Gosain, 2022). This ensemble method is performed by 

sampling, with replacement, the instances in the training dataset to produce a training 

dataset for each base learner (Maclin and Opitz, 1997). As sampling is done with replacement 

and the probability of selecting a sample is equal across the training set, samples are likely to 

appear in multiple training sets (Sagi and Rokach, 2018; Maclin and Opitz, 1997). Similarly to 

Boosting, a final classification is determined by majority voting of the classifications of the 

weak learners (Kumar, Kaur and Gosain, 2022). However, unlike Boosting, equal weights are 

assigned to each learner and thus they all have equal influence on the final vote. Random 

Forest was employed as a bagging technique in this project. 

 2.5.5 Representation learning 

The performance of machine learning algorithms depends on the representation of the data 

they are given (e.g. pictures of apples and oranges to teach an algorithm to distinguish 

between the two). The importance of representations can also be found in other contexts – 

for example, humans can easily perform arithmetic on Arabic numerals but find arithmetic on 
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Roman numerals more difficult. It is important to identify the optimal set of features for the 

algorithm to perform the task effectively, however, this is difficult in practice (Goodfellow, 

Bengio and Courville, 2016). Representation learning offers a solution to this problem by 

allowing the machine to be fed with raw data and to discover the representations needed for 

classification. Deep learning methods are representation learning methods with multiple 

levels of representation in which the representation at one level is transformed by a non-

linear model into a representation at a higher level (LeCun, Bengio and Hinton, 2015). 
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Chapter 3. Utilisation of survival analysis methods to identify optimal 

treatment elements for cure of patients with good risk genetics 
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3.1 Introduction 

The good risk genetic subgroups account for ~50% of childhood ALL cases and are associated 

with a favourable prognosis, with survival rates >90% at five years for both ETV6::RUNX1 and 

high hyperdiploidy patients. The overwhelming majority of these patients are enriched for 

good prognostic features, having low levels of minimal residual disease, low white cell counts, 

and being below the age of 10 years old (Bhojwani et al., 2012; Paulsson and Johansson, 

2009). Due to these factors, ETV6::RUNX1 and high hyperdiploidy patients are most often 

treated on lower intensity protocols. Many studies have sought to further refine stratification 

of these good risk genetic subgroups based on demographic and genetic features, with the 

goal of reducing treatment intensity in subsets of patients with excellent prognosis, or 

identifying patients with a poorer outcome. Enshaei et al. identified a low-risk subgroup 

within high hyperdiploidy patients based on specific chromosomal gains as detailed in Section 

1.3.3.2.1 with many other investigators reporting an association between certain trisomies 

and prognosis (Enshaei et al., 2021; Moorman et al., 2003; Sutcliffe et al., 2005; Harris et al., 

1992; Chang et al., 2024). Moorman et al. further reported that age and sex were 

independent predictors of survival within high hyperdiploidy patients (Moorman et al., 2003). 

Whilst within ETV6::RUNX1, it was found that NCI risk affects prognosis (Enshaei et al., 2013).  

As well as having good risk features, both subgroups have been shown to respond well to 

standard chemotherapy regimens, with evidence of sensitivities to common 

chemotherapeutic agents (Moorman et al., 2003; Sun, Chang and Zhu, 2017; Schrappe et al., 

2017; Maloney et al., 2019). For example, Xin Huang et al. showed that B-cell ALL patients 

exhibited a sensitivity to asparaginase (Huang et al., 2024). More specifically, ETV6::RUNX1 

were shown to have a relative sensitivity to L-asparaginase when compared to non-

ETV6::RUNX1 patients (p = 0.012) in a study by Woerden et al., whilst Frost et al. showed that 

these patients were also significantly more sensitive to doxorubicin (p = 0.001) and etoposide 

(p = 0.001) (Woerden et al., 2000; Frost et al., 2004). Furthermore, it has been posited that 

dexamethasone is particularly effective in the treatment of ETV6::RUNX1 patients 

demonstrated by higher EFS rates at 5-years when compared to prednisolone, as well as 

excellent outcomes resulting from dexamethasone pulses during maintenance therapy 

(Bhojwani et al., 2012; Piette et al., 2018). Similarly, it was shown that high hyperdiploidy 

patients have the ability to accumulate high levels of methotrexate polyglutamates increasing 



 

67 

 

their sensitivity to the drug (Whitehead et al., 1998; Synold et al., 1994). Kaspers et al. found 

that high hyperdiploidy patients were also sensitive to mercaptopurine (p < 0.001), 

thioguanine (p = 0.023), cytarabine (p = 0.016), and L-asparaginase (p = 0.022) (Kaspers et al., 

1995). It was hypothesised that both of these subgroups are sensitive to L-asparaginase due 

to their low asparagine synthetase expression (Iwamoto et al., 2007). Similarly, Yoshimura et 

al. showed that both subgroups were sensitive to L-asparaginase and prednisolone 

(Yoshimura et al., 2024). 

There is debate on whether ETV6::RUNX1 and high hyperdiploidy are independent predictors 

of outcome (Ampatzidou et al., 2018). High hyperdiploidy has been shown to be 

independently prognostic by Hann et al. however other studies postulate that it is a 

heterogeneous subgroup with differing prognosis exemplified by the number of high 

hyperdiploidy relapses (Hann et al., 2001; Paulsson and Johansson, 2009; Lee et al., 2023a). 

Similarly, whilst the Dana Farber Cancer Institute Consortium found that ETV6::RUNX1 was 

not an independent prognostic factor, and other studies have speculated the favourable 

prognosis of the group due to very late relapses, the Children’s Oncology Group and the UK 

found that the presence of ETV6::RUNX1 was an independent predictor of favourable 

outcome (Sun, Chang and Zhu, 2017; van Delft et al., 2011; Loh et al., 2006; Rubnitz et al., 

2008; Enshaei et al., 2013).  

Due to the questions surrounding the true prognostic impact of these good risk genetic 

groups, they are often not independently used in risk stratification to assign treatment in 

Europe despite strong evidence of a favourable prognosis within these groups. In the United 

States of America however, groups have begun treating patients with good risk genetics on 

low intensity protocols; and with the drive towards identifying patients eligible for treatment 

de-escalation due to unnecessary toxicities, research groups are starting to assess the viability 

of that on European protocols (Østergaard et al., 2024; Rubnitz et al., 2008). Østergaard et al. 

assessed the feasibility of treatment de-escalation for ETV6::RUNX1 patients by investigating 

the outcome of these patients treated on different treatment arms across multiple 

contemporary trials (Østergaard et al., 2024). However, in the aforementioned study, 

individual patient data wasn’t available/ utilised and historic clinical trials weren’t considered. 

Thus, a horizontal approach to this analysis using consecutive UK clinical trials with individual 

patient data is undertaken in this thesis on the rationale that optimal treatment elements 
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exist within these trials due to similarly exceptional outcomes in the good risk genetics 

subgroups. 

 

3.2 Aims 

The aims of this chapter are: 

• Determine the survival rates of good risk patients across several historic paediatric 

clinical trials. 

 

• Investigate the impact of treatment regimen and delayed intensifications on patient 

outcomes. 

 

• Identify optimal treatment elements for good risk genetic patients which minimise 

toxicity whilst maintaining satisfactory survival rates. 

3.3 Methods 

A total of 6716 patients were eligible for analysis in this chapter as outlined in Section 2.3.2. 

Due to changes to the protocol in 1999, UKALL97 was divided into two groups for this analysis, 

UKALL97 and UKALL97/99, which were considered and analysed separately. The statistical 

methods used within this chapter are detailed in Section 2.4. Due to differences in treatment 

across the trials leading to a general improvement of outcomes over time, the proportional 

hazards assumption of the Cox proportional hazards model was often violated when 

stratification by treatment wasn’t performed. In these instances, the log-rank p-value has 

been provided and this information is clearly stated within the text and accompanying tables 

and figures. 

3.4 Results 

There is evidence in the literature that outcomes in the B-other subgroup improve over time 

across trials suggesting improvements in the treatment of these patients. In order to see if 

this was the case for patients with good risk genetics, outcome across the four most recent 

paediatric UKALL clinical trials was assessed with the initial focus being at the trial level.   
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3.4.1 Outcome by trial 

3.4.1.1 ETV6::RUNX1 

Overall survival of ETV6::RUNX1 patients across the trials remained stable with the exception 

of UKALLXI92 which had significantly worse survival with a hazard ratio of 3.73, a 95% 

confidence interval (CI) of (2.34-5.94), and p < 0.001 when compared against the other trials 

combined [Figure 23]. Cure rates for patients treated on the remaining trials was excellent 

with 5-year survival rates of ~96%. These findings demonstrate that outcome of ETV6::RUNX1 

patients has remained stable since UKALL97 despite changes to treatment. 

 

  ALLXI92 ALL97 ALL97/99 ALL2003 ALL2011 

Hazard ratio (95% CI), p-value  

OS 
2.37 (1.87-3.00), 

<0.001 

1.77 (1.33-2.36), 

<0.001 

1.31 (0.95-1.80), 

0.101 

1.04 (0.82-1.32), 

0.748 
1 

Figure 23. Kaplan Meier and hazard ratios comparing the overall survival of ETV6::RUNX1 

patients on the four most recent paediatric UKALL clinical trials. UKALL2011 is used as the 

baseline in the Cox proportional hazards models. OS: Overall survival. 

 

5-year OS rates: 
UKALLXI92: 90% (84-94) 
UKALL97: 95% (91-98) 
UKALL97/99: 96% (93-98) 
UKALL2003: 97% (95-98) 
UKALL2011: 97% (95-98) 
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ETV6::RUNX1 patients treated on UKALL97/99, UKALL2003, and UKALL2011 had higher event-

free survival compared to the earlier two trials as shown in Figure 24, with 5 year EFS rates 

>90% for the aforementioned trials and rates of 61% and 86% for UKALLXI92 and UKALL97 

respectively. The difference in outcome between the trials stratified by NCI risk and those 

that weren’t was significant, with over twice the hazard for UKALL97 patients and over 5 times 

the hazard for UKALLXI92 patients with the latter three trials as the baseline (UKALL97: HR = 

2.09, 95% CI (1.44-3.04), p < 0.001 and UKALLXI92: HR = 5.48, 95% CI (4.02-7.46), p < 0.001)). 

Event-free survival improved with each consecutive trial except in the latter two trials where 

UKALL2003 had the better outcome with a 5-year EFS rate of 94% (95% CI (92-95)) compared 

to 91%, 95% CI (88-93) in UKALL2011. Thus, whilst the differences in treatment between the 

two protocols didn’t impair cure rates, it did result in a greater instance of relapses and 

second tumours. This difference was not significant however with a hazard ratio of 1.37, 95% 

CI (0.93-2.02), p = 0.115.  
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  ALLXI92 ALL97 ALL97/99 ALL2003 ALL2011 

Hazard ratio (95% CI), p-value or log-rank p-values 

EFS 
Log-rank 

p<0.001 

1.55 (1.27-1.89), 

<0.001 

1.10 (0.88-1.38), 

0.396 

0.77 (0.65-0.90), 

0.002 
1 

Figure 24. Kaplan Meier and hazard ratios comparing the event-free survival of 

ETV6::RUNX1 patients on the four most recent paediatric UKALL clinical trials. UKALL2011 

is used as the baseline in the Cox proportional hazards models. The log-rank p-value is given 

in instances where the proportional hazards assumption was violated. EFS: Event-free 

survival. 

 

3.4.1.2 High hyperdiploidy 

Within high hyperdiploidy, overall survival did generally improve with each trial. However, as 

seen in Figure 25, there are two distinct groups after approximately 4 years with UKALLXI92 

and UKALL97 having comparable overall survival of 91% at 5 years whilst the latter three trials 

also had comparable OS rates of ~95% at 5 years. This difference in outcome seen between 

the two groups was statistically significant with a hazard ratio of 2.11, 95% CI (1.58-2.82), p < 

5-year EFS rates: 
UKALLXI92: 61% (52-68) 
UKALL97: 86% (80-90) 
UKALL97/99: 91% (86-94) 
UKALL2003: 94% (92-95) 
UKALL2011: 91% (88-93) 
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0.001. This split in the trials coincides with the introduction of NCI risk to assign treatment for 

patients which suggests that age and white cell count are prognostic within the high 

hyperdiploidy subgroup.   

 

 
ALLXI92 ALL97 ALL97/99 ALL2003 ALL2011 

Hazard Ratio (95% CI), p 

OS 
2.68 (1.68-4.28), 

<0.001 

2.14 (1.27-3.61), 

0.004 

1.46 (0.80-2.64), 

0.215 

1.17 (0.73-1.88), 

0.523 
1 

Figure 25. Kaplan Meier and hazard ratios comparing the overall survival of high 

hyperdiploidy patients on the four most recent paediatric UKALL clinical trials. UKALL2011 

is used as the baseline in the Cox proportional hazards models. OS: Overall survival. 

 

In terms of event-free survival, high hyperdiploidy patients treated on UKALLXI92 had the 

worst outcome of 70% at 5 years with a hazard ratio of 2.81 (95% CI (2.29-3.46), p < 0.001) 

when compared to high hyperdiploidy patients treated on all the other trials combined. It is 

clear from Figure 26 that there are three distinct groups of survival with UKALL97 and 

5-year OS rates: 
UKALLXI92: 91% (88-93) 
UKALL97: 91% (88-94) 
UKALL97/99: 95% (92-97) 
UKALL2003: 95% (94-97) 
UKALL2011: 96% (95-98) 
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UKALL97/99 having similar EFS rates (~85% at 5 years) whilst UKALL2003 and UKALL2011 form 

the group with the best rates (~90% 5-year EFS). These groups have significantly different 

survival to one another with hazard ratios of 1.98, 95% CI (1.70-2.31), p < 0.001 and 0.65, 95% 

CI (0.56-0.75), p < 0.001 for the bottom and top groups respectively when compared to the 

middle group. This suggests that the measures taken to de-escalate overall treatment across 

the trials, such as reducing the number of DIs from 3 to 1 and removing HDM and cranial 

irradiation from CNS-directed therapy, was beneficial in the high hyperdiploidy subgroup. 

However, UKALL2003 had better event-free survival rates than UKALL2011, thus one could 

argue that the treatment on UKALL2011 wasn’t intensive enough. This difference wasn’t 

statistically significant, however, with a Cox proportional hazards p-value of 0.286. 

Furthermore, this phenomenon isn’t seen in overall survival demonstrating that these 

additional events aren’t affecting the overall cure rate of high hyperdiploidy patients. 
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ALLXI92 ALL97 ALL97/99 ALL2003 ALL2011 

Hazard Ratio (95% CI), p 

EFS 
3.06 (2.30-4.07), 

<0.001 

1.68 (1.19-2.38), 

0.003 

1.42 (0.98-2.07), 

0.066 

0.86 (0.63-1.17), 

0.334 
1 

Figure 26. Kaplan Meier and hazard ratios comparing the event-free survival of high 

hyperdiploidy patients on the four most recent paediatric UKALL clinical trials. UKALL2011 

is used as the baseline in the Cox proportional hazards models. EFS: Event-free survival. 

 

3.4.1.3 Representative cohort analysis 

In order to ensure the populations were comparable across trials, demographic features were 

considered for both ETV6::RUNX1 and high hyperdiploidy populations. Table 11 shows the 

distribution of cases across trials for ETV6::RUNX1 patients. There was no difference in the 

distribution of ETV6::RUNX1 patients by age or white cell count across trials. There was also 

no difference in the proportion of males and females on each trial within the ETV6::RUNX1 

subgroup with the exception of UKALL97/99 which had a higher proportion of males which 

was statistically significant with a Pearson χ2 p-value of 0.002. There was an equal proportion 

5-year EFS rates: 
UKALLXI92: 70% (66-75) 
UKALL97: 84% (79-87) 
UKALL97/99: 85% (80-88) 
UKALL2003: 91% (89-93) 
UKALL2011: 89% (86-91) 
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of patients on regimen B across the trials for which regimens were introduced (UKALL97/99 

= 20%, UKALL2003 = 19%, and UKALL2011 = 19%). However, progressively fewer patients 

were treated on regimen A across the trials (76% vs 70% and 62%) whilst more patients were 

classified as high risk and treated on regimen C as the trials progressed (5% vs 11% vs 20%). 

As expected, there was a difference in the distribution of patients by delayed intensification 

across the trials due to the differences in the protocols.  

  Total ALLXI92 ALL97 ALL97/99 ALL2003 ALL2011 p-value 

Total 1761 (100) 142 (8) 175 (10) 194 (11) 738 (42) 512 (29) 
 

Median Follow-

up (years) 

9.63 12.99 11.95 9.55 11.03 5.95 
 

Sex 
 

Male 963 (55) 75 (53) 92 (53) 126 (65) 400 (54) 270 (53) 
 

Female 798 (45) 67 (47) 83 (47) 68 (35) 338 (46) 242 (47) p = 0.047 

Age (years) 
 

Median  4 4.36 4.26 4.04 4.16 4 
 

1-4 1131 (64) 88 (62) 110 (63) 129 (66) 472 (64) 332 (65) 
 

5-9 501 (28) 42 (30) 57 (33) 54 (28) 199 (27) 149 (29) 
 

10-14 111 (6) 12 (8) 8 (5) 10 (5) 55 (7) 26 (5) 
 

15-19 17 (1) 0 (0) 0 (0) 1 (1) 12 (2) 4 (1) 
 

≥20 1 (0.06) 0 (0) 0 (0) 0 (0) 0 (0) 1 (0.2) p = 0.411 

White Cell Count (× 109/L) 
 

Median  10.2 14.3 10.7 10.55 10.1 9 
 

<50 1472 (84) 117 (82) 143 (82) 159 (82) 622 (84) 431 (84) 
 

≥50 289 (16) 25 (18) 32 (18) 35 (18) 116 (16) 81 (16) p = 0.851 

Regimen 
 

A  981 (68) - - 147 (76) 519 (70) 315 (62) 
 

B 274 (19) - - 38 (20) 140 (19) 96 (19) 
 

C 189 (13) - - 9 (5) 79 (11) 101 (20) p < 0.001 

Delayed Intensifications 
 

1 779 (45) 0 (0) 0 (0) 0 (0) 267 (36) 512 (100) 
 

2 766 (44) 65 (49) 36 (21) 194 (100) 471 (64) 0 (0) 
 

3 205 (12) 68 (51) 137 (79) 0 (0) 0 (0) 0 (0) p < 0.001 

Table 11. Distribution of ETV6::RUNX1 cases across paediatric trials by key demographic, 

clinical and treatment features. P-values calculated using Pearson χ2 statistic. 
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Table 12 shows the distribution of demographic features across the trials for high 

hyperdiploidy patients. There was no difference in the distribution of sex or white cell count 

across the trials in the high hyperdiploidy population with ~90% of cases having low white cell 

counts and the expected ratio of males to females of approximately 1.2:1. There is a 

significant difference in the distribution of age across the trials, however this is due to the 

introduction of the enrolment of teenagers and young adults (TYAs) >15 years old onto the 

more recent trials as there was no significant difference in the distribution when patients 

aged ≥15 were excluded from the test (p = 0.284). Similarly to ETV6::RUNX1, there were 

progressively fewer patients treated on the good risk regimen A and more patients treated 

on regimen C with each consecutive trial.  
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  Total ALLXI92 ALL97 ALL97/99 ALL2003 ALL2011 P-value 

Total 2565 (100) 420 (16) 292 (11) 266 (10) 873 (34) 714 (28) 
 

Median 

Follow-up 

(years) 

9.43 12.65 11.64 9.43 10.93 5.31 
 

Sex 
 

Male 1418 (55) 244 (58) 150 (51) 157 (59) 461 (53) 406 (57) 
 

Female 1147 (45) 176 (42) 142 (49) 109 (41) 412 (47) 308 (43) P = 0.110 

Age (years) 
 

Median  3.99 4.09 4.05 3.91 3.99 3 
 

1-4 1617 (63) 260 (62) 186 (64) 168 (63) 538 (62) 465 (65) 
 

5-9 624 (24) 121 (29) 72 (25) 70 (26) 202 (23) 159 (22) 
 

10-14 222 (9) 39 (9) 27 (9) 23 (9) 85 (10) 48 (7) 
 

15-19 92 (4) 0 (0) 7 (2) 5 (2) 42 (5) 28 (5) 
 

≥20 10 (0.39) 0 (0) 0 (0) 0 (0) 6 (1) 4 (1) p < 0.001 

White Cell Count (× 109/L) 
 

Median  7.2 7.95 7.75 7.05 7.3 6.9 
 

<50 2331 (91) 382 (91) 256 (88) 244 (92) 793 (91) 656 (92) 
 

≥50 234 (9) 38 (9) 36 (12) 22 (8) 80 (9) 58 (8) p = 0.317 

Regimen 
 

A  1166 (63) - - 214 (80) 562 (64) 390 (55) 
 

B 260 (14) - - 25 (9) 132 (15) 103 (14) 
 

C 427 (23) - - 27 (10) 179 (21) 221 (31) p < 0.001 

Delayed Intensifications 
 

1 944 (37) 0 (0) 0 (0) 0 (0) 230 (26) 714 (100) 
 

2 1174 (47) 204 (53) 61 (21) 266 (100) 643 (74) 0 (0) 
 

3 406 (16) 183 (47) 223 (79) 0 (0) 0 (0) 0 (0) p < 0.001 

Table 12. Distribution of high hyperdiploidy cases across paediatric trials by key 

demographic, clinical and treatment features. P-values calculated using Pearson χ2 statistic. 

 

It is clear from the data that more patients from both subgroups were classified and treated 

as high risk over time as evidenced by the higher proportion of patients on regimen C in the 

latter trials. As such, the outcome of ETV6::RUNX1 and high hyperdiploidy patients was 

assessed by regimen to determine if this change was beneficial. 
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3.4.2 Outcome by regimen 

Patients on UKALL97/99, UKALL2003, and UKALL2011 were stratified to regimens A, B, or C 

based on their NCI risk and genetic abnormality as outlined in Section 2.2. Thus, the analysis 

in the section was only performed on patients on these trials. 

3.4.2.1 ETV6::RUNX1 

ETV6::RUNX1 patients treated on regimen A had the best cure rates with a 5-year overall 

survival rate of 98% (95% CI (97-99)) whilst regimen C patients had the lowest cure rates at 

91% (95% CI (86-94)) at the same time point [Figure 27]. The difference in overall survival was 

significant between regimen A compared to both regimen B (log-rank: p = 0.0406) and 

regimen C (Cox: p < 0.001), however there was no significant difference in survival between 

regimen B and Regimen C (Cox: p = 0.111). 

 

 
Regimen A Regimen B Regimen C 

Hazard Ratio (95% CI), p 

Overall Survival 1 1.95 (1.02-3.73), 0.045 3.46 (1.88-6.38), <0.001 

Figure 27. Kaplan Meier and hazard ratios comparing the difference in overall survival of 

ETV6::RUNX1 patients stratified by regimen. Regimen A is used as the baseline in the Cox 

proportional hazards models. OS: Overall survival. 

5-year OS rates: 
Regimen A: 98% (97-99) 
Regimen B: 96% (92-97) 
Regimen C: 91% (86-94) 
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It is clear from Table 13 that cure rates were similar across the three trials for ETV6::RUNX1 

patients treated on regimens A and B at ~99% and ~95% respectively. As such, there was no 

significant difference in the hazards of patients treated on UKALL97/99 or UKALL2003 when 

compared to UKALL2011 with p-values of 0.075 and 0.095 respectively for regimen A and 

0.654 and 0.618 for regimen B. For patients assigned to regimen C however, survival rates 

were far inferior for patients treated on UKALL97/99 with a 5-year EFS rate of 67% compared 

to 92% and 93% for patients treated on UKALL2003 and UKALL2011 respectively. There was 

no significant difference in the hazards for patients who received regimen C on UKALL2003 

and UKALL2011 (HR: 0.87, 95% CI (0.30-2.52), p = 0.804), however there was a significantly 

greater hazard for regimen C patients on UKALL97/99 compared to UKALL2011 (HR: 4.89, 95% 

CI (1.30-18.44), p = 0.019.  

 UKALL97/99 UKALL2003 UKALL2011 

5-year overall survival rates (95% CI) 

Regimen A 99% (95-99.7) 98% (96-99) 99% (97-99.8) 

Regimen B 95% (81-99) 96% (92-98) 95% (87-98) 

Regimen C 67% (28-88) 92% (84-97) 93% (85-96) 

Overall survival hazard ratio (95% CI), p-value 

Regimen A 
4.33 (0.86-21.73), 

p = 0.075 

3.52 (0.80-15.44), 

p =0.095 
1 

Regimen B 
1.39 (0.33-5.83), 

p = 0.654 

0.74 (0.22-2.43), 

p = 0.618 
1 

Regimen C 
4.89 (1.30-18.44), 

p = 0.019 

0.87 (0.30-2.52), 

p = 0.804 
1 

Table 13. 5-year overall survival rates and hazard ratios for ETV6::RUNX1 patients stratified 

by regimen across trials. UKALL2011 is used as the baseline in the cox proportional hazards 

models. 

 

For event-free survival, ETV6::RUNX1 patients again saw an improvement in outcomes 

sequentially from regimen C through to regimen A as seen in Figure 28. This difference was 

more pronounced than in overall survival, with 17% of patients having an event by 5 years for 
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regimen C compared to only 5% and 9% for regimens A and B respectively. The difference in 

event-free survival was significant between all three regimens, with regimen A having 

approximately half the risk of and event compared to regimen B patients (HR: 0.57, 95% CI 

(0.37-0.88), p = 0.01), whilst regimen C patients had a ~64% increased risk (HR: 1.64, 95% CI 

(1.01-2.67), p = 0.047) when compared to regimen B. 

 

  Regimen A Regimen B Regimen C 

Hazard Ratio (95% CI), p 

Event-Free Survival 0.57 (0.37-0.88), 0.01 1 2.87 (1.89-4.34), <0.001 

Figure 28. Kaplan Meier and hazard ratios comparing the event-free survival of 

ETV6::RUNX1 patients stratified by regimen. Regimen A is used as the baseline in the Cox 

proportional hazards models. EFS: Event-free survival. 

 

There was no significant difference in EFS for ETV6::RUNX1 patients on any regimen across 

the trials. Patients treated on regimen A had identical 5-year EFS rates of 95% in each trial 

and no significant difference in hazard with p-values of 0.656 and 0.929 for UKALL97/99 and 

UKALL2003 compared to UKALL2011 [Table 14]. For regimen B, patients treated on 

5-year EFS rates: 
Regimen A: 95% (93-96) 
Regimen B: 91% (86-94) 
Regimen C: 83% (77-88) 
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UKALL2003 had the most superior 5-year EFS rates at 94% compared to 84% and 88% for 

UKALL97/99 and UKALL2011 respectively. This improvement was not significant however, 

with a hazard ratio of 0.68, 95% CI (0.30-1.53), p = 0.350 compared to UKALL2011. Similarly, 

the hazard for UKALL97/99 was not significant different to UKALL2011 at 1.17 (p = 0.754). 

Although patients who received regimen C treatment on UKALL97/99 had a much inferior 

survival to patients on UKALL2003 and UKALL2011, the difference in hazard between 

UKALL2011 and UKALL97/99 was non-significant (HR: 2.95, 95% CI (1.00-8.67), p = 0.05) as 

was the hazard between UKALL2011 and UKALL2003 (p = 0.298). 

 UKALL97/99 UKALL2003 UKALL2011 

5-year event-free survival rates (95% CI) 

Regimen A 95% (89-97) 95% (92-96) 95% (91-97) 

Regimen B 84% (68-93) 94% (88-97) 88% (79-94) 

Regimen C 56% (20-80) 87% (78-93) 82% (73-89) 

Event-free survival hazard ratio (95% CI), p-value 

Regimen A 
1.19 (0.56-2.53), 

p = 0.656 

1.03 (0.57-1.87), 

p =0.929 
1 

Regimen B 
1.17 (0.43-3.20), 

p = 0.754 

0.68 (0.30-1.53), 

p = 0.350 
1 

Regimen C 
2.95 (1.00-8.67), 

p = 0.05 

0.67 (0.32-1.42), 

p = 0.298 
1 

Table 14. 5-year event-free survival rates and hazard ratios for ETV6::RUNX1 patients 

stratified by regimen across trials. UKALL2011 is used as the baseline in the Cox proportional 

hazards models. 

 

3.4.2.2 High hyperdiploidy 

Unlike the ETV6::RUNX1 subgroup, there was no difference in overall survival in high 

hyperdiploidy patients between any of the regimens with almost identical 5-year OS rates 

(96% vs 95% vs 95%) as evidenced in Figure 29. Hazard ratios confirm the lack of significant 

difference between both regimen B (HR = 1.19, 95% CI (0.66-2.15), p = 0.555) and regimen C 

(HR = 1.50, 95% CI (0.96-2.36), p = 0.077) compared to regimen A.  
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  Regimen A Regimen B Regimen C 

Hazard Ratio (95% CI), p 

Overall Survival 1 1.19 (0.66-2.15), 0.555 1.50 (0.96-2.36), 0.077 

Figure 29. Kaplan Meier and hazard ratios comparing the overall survival of high 

hyperdiploidy patients stratified by regimen. Regimen A is used as the baseline in the Cox 

proportional hazards models. OS: Overall survival. 

 

For high hyperdiploidy, cure rates were comparable by regimen across the trials. Patients 

stratified to regimen A had 5-year OS rates of 96%, 95%, and 94% on UKALL97/99, UKALL2003, 

and UKALL2011 respectively [Table 15]. Within the regimen B and C subgroups, patients 

treated on UKALL2011 had the worst outcomes overall, with OS rates of 87% and 83% at 5 

years compared to rates >90% for patients on UKALL97/99 and UKALL2003. This difference 

was not significant though as is evidenced by the hazard ratios for regimen B (HR: 2.32 (0.39-

13.93), p = 0.359 and HR: 2.03 (0.54-7.54), p = 0.292. In regimen C the hazard ratio for 

5-year OS rates: 
Regimen A: 96% (95-97) 
Regimen B: 95% (91-97) 
Regimen C: 95% (92-97) 
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UKALL97/99 was 2.65 (0.83-8.51), p = 0.101 compared to UKALL2011 whilst the difference in 

outcome for UKALL2003 was also non-significant by log-rank test (p = 0.247) which was 

performed as the proportional hazard assumption was violated. 

 UKALL97/99 UKALL2003 UKALL2011 

5-year overall survival rates (95% CI) 

Regimen A 96% (92-98) 97% (95-98) 94% (91-96) 

Regimen B 96% (75-99) 93% (87-96) 87% (82-91) 

Regimen C 93% (74-98) 93% (88-96) 83% (77-88) 

Overall survival hazard ratio (95% CI), p-value 

Regimen A 
1.31 (0.60-2.86), 

p = 0.5 

1.01 (0.51-1.99), 

p =0.982 
1 

Regimen B 
2.32 (0.39-13.93), 

p = 0.359 

2.03 (0.54-7.54), 

p = 0.292 
1 

Regimen C 
2.65 (0.83-8.51), 

p = 0.101 

Log rank p-value 

= 0.247 
1 

Table 15. 5-year overall survival rates and hazard ratios for high hyperdiploidy patients 

stratified by regimen across trials. UKALL2011 is used as the baseline in the Cox proportional 

hazards models. The log-rank p-value is given in instances where the proportional hazards 

assumption was violated. 

 

There was also no significant difference between regimens A and B in event-free survival (HR 

= 1.22, 95% CI (0.81-1.83), p = 0.350) with 5-year EFS rates of 91% and 89% respectively 

[Figure 30]. Furthermore, there was no difference in outcomes between regimen B and 

regimen C with survival rates of 89% and 85% at 5-years (HR = 1.45, 95% CI (0.94-2.24), p = 

0.092). There was, however, a statistically significant difference seen between regimen A and 

regimen C (HR = 1.77, 95% CI (1.31-2.39), p < 0.001). It is clear from the lack of difference in 

cure rates however that these events were salvageable.  
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  Regimen A Regimen B Regimen C 

Hazard Ratio (95% CI), p 

Event-Free Survival 1 1.22 (0.81-1.83), 0.350 1.77 (1.31-2.39), <0.001 

Figure 30. Kaplan Meier and hazard ratios comparing the event-free survival of high 

hyperdiploidy patients stratified by regimen. Regimen A is used as the baseline in the Cox 

proportional hazards models. EFS: Event-free survival. 

 

Comparing event-free survival of high hyperdiploidy patients by regimen across trials, it is 

clear from Table 16 that the outcomes were similar on each trial. The 5-year EFS rates range 

from 85-93% on regimen A, 84-92% on regimen B, and 78%-86% on regimen C. These 

differences are mostly non-significant, except that patients treated on regimen A of 

UKALL97/99 had a significantly higher hazard than UKALL2011 patients at 1.85, 95% CI (1.11-

3.07), p = 0.017.  

 

5-year EFS rates: 
Regimen A: 91% (89-93) 
Regimen B: 89% (85-92) 
Regimen C: 85% (81-88) 
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 UKALL97/99 UKALL2003 UKALL2011 

5-year event-free survival rates (95% CI) 

Regimen A 85% (80-90) 93% (90-95) 92% (88-94) 

Regimen B 84% (62-94) 92% (85-95) 87% (77-92) 

Regimen C 78% (57-89) 86% (80-90) 84% (79-89) 

Event-free survival hazard ratio (95% CI), p-value 

Regimen A 
1.85 (1.11-3.07), 

p = 0.017 

0.98 (0.61-1.57), 

p =0.93 
1 

Regimen B 
1.10 (0.35-3.44), 

p = 0.875 

0.67 (0.30-1.51), 

p = 0.336 
1 

Regimen C 
1.63 (0.72-3.69), 

p = 0.238 

1.01 (0.61-1.67), 

p = 0.962 
1 

Table 16. 5-year event-free survival rates and hazard ratios for high hyperdiploidy patients 

stratified by regimen across trials. UKALL2011 is used as the baseline in the Cox proportional 

hazards models. 

 

Overall, these findings suggest that the stratification of more patients to Regimen C in the 

latter trials was not beneficial for ETV6::RUNX1 or high hyperdiploidy patients, who largely 

saw no difference in cure rates by regimen across trials; thus implying the additional therapy 

was unnecessary for those patients as the regimen A and B survival rates did not improve with 

the additional patients moving to regimen C. 

3.4.2.3 Representative cohort analysis 

In order to confirm the legitimacy of these findings, demographics of the two subgroups were 

compared across regimen. Within ETV6::RUNX1, there was no significant difference in sex 

across the three regimens [Table 17]. As expected, there was a difference in age and white 

cell count as these were the criteria for the stratification by regimen. We can see that the 

median age across the regimens was similar at ~4 years old which coheres with the fact that 

ETV6::RUNX1 patients are associated with a younger age.  
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  Total Regimen A Regimen B Regimen C P-value 

Total 1444 (100) 981 (68) 274 (19) 189 (13) 
 

Median Follow-up (years) 8.92 9.16 8.81 7.8 
 

Sex 
 

Male 796 (55) 551 (56) 138 (50) 107 (57) 
 

Female 648 (45) 430 (44) 136 (50) 82 (43) p = 0.211 

Age (years) 
 

Median  4 4 4.3 4 
 

1-4 933 (65) 658 (67) 150 (55) 125 (66) 
 

5-9 402 (28) 323 (33) 38 (14) 41 (22) 
 

10-14 91 (6) 0 (0) 70 (26) 21 (11) 
 

15-19 17 (1) 0 (0) 15 (5) 2 (1) 
 

≥20 1 (0.07) 0 (0) 1 (0.36) 0 (0) p < 0.001 

White Cell Count (× 109/L) 
 

Median  9.85 7.8 66.5 13.3 
 

<50 1212 (84) 979 (99.8) 81 (30) 152 (80) 
 

≥50 232 (16) 2 (0.2) 193 (70) 37 (20) p < 0.001 

Table 17. Distribution of ETV6::RUNX1 cases across regimens by key demographic features. 

P-values calculated using Pearson χ2 statistic. 

 

Similarly to ETV6::RUNX1 patients, there is no difference in sex by regimen within the high 

hyperdiploidy subgroup, yet there is a significant difference in the proportions of age and 

white cell count. However unlike within ETV6::RUNX1, the median age is much higher for 

regimen B compared to regimen A (11.27 vs 3.38 years) whilst regimen C patients have a 

similar median age to regimen A at 4 years old. Despite the significant difference in the 

proportion of low-risk white cell counts between regimens A and B, the median white cell 

counts in these groups are similar at 6.95 and 6.3. This is shown in Table 18 below. 
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  Total Regimen A Regimen B Regimen C p-value 

Total 1853 (100) 1166 (63) 260 (14) 427 (23) 
 

Median Follow-up (years) 8.62 8.97 8.81 8 
 

Sex 
 

Male 1024 (55) 645 (55) 144 (55) 235 (55) 
 

Female 829 (45) 521 (45) 116 (45) 192 (45) p = 0.994 

Age (years) 
 

Median  3.91 3.38 11.27 4 
 

1-4 1171 (63) 846 (73) 79 (30) 246 (58) 
 

5-9 431 (23) 320 (27) 12 (5) 99 (23) 
 

10-14 156 (8) 0 (0) 102 (39) 54 (13) 
 

15-19 85 (5) 0 (0) 61 (23) 24 (6) 
 

≥20 10 (0.54) 0 (0) 6 (2) 4 (1) p < 0.001 

White Cell Count (× 109/L) 
 

Median  7.1 6.95 6.3 8 
 

<50 1693 (91) 1165 (99.9) 166 (64) 362 (85) 
 

≥50 160 (9) 1 (0.09) 94 (36) 65 (15) p < 0.001 

Table 18. Distribution of high hyperdiploidy cases across regimens by key demographic 

features. P-values calculated using Pearson χ2 statistic. 

 

3.4.3 Outcome by delayed intensifications 

Patients treated on the clinical trials considered in this thesis received 1, 2, or 3 delayed 

intensifications. This was either due to randomisations or because everyone on a trial 

received the same number of intensifications as outlined in Section 2.2.  

3.4.3.1 ETV6::RUNX1 

As shown in Figure 31, the 5-year overall survival rates for ETV6::RUNX1 patients are similar 

for the three groups ranging from 93% - 98%. However, there is significant increased risk in 

the two and three DI groups compared to one delayed intensification (HR = 1.84, 95% CI (1.10-

3.10), p = 0.021 and HR = 3.61, 95% CI (2.00-6.50), p < 0.001 respectively). There is also 
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significantly inferior survival in the third intensification subgroup when compared to two 

intensifications with a hazard ratio of 1.96 (95% CI (1.19-3.20), p = 0.008).  

 

  1 DI 2 DI 3 DI 

Hazard Ratio (95% CI), p 

Overall Survival 1 1.84 (1.10-3.10), 0.021 3.61 (2.00-6.50), <0.001 

Figure 31. Kaplan Meier and hazard ratios comparing the overall survival of ETV6::RUNX1 

patients stratified by delayed intensification. One delayed intensification is used as the 

baseline in the Cox proportional hazards models. DI: delayed intensification, OS: overall 

survival. 

 

When comparing ETV6::RUNX1 patients stratified by number of DIs received across trial, it is 

evident from Table 19 that there was no difference in outcome between the patients on 

UKALL2003 and UKALL2011 who received 1 DI with 5-year OS rates of 99% and 97% 

respectively. The hazard ratio for 1 DI patients on UKALL2003 compared to UKALL2011 was 

0.54, 95% CI (0.20-1.45), p = 0.221 showing that there was no statistically significant 

5-year OS rates: 
1 DI: 98% (96-99) 
2 DI: 96% (94-97) 
3 DI: 93% (88-96) 
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difference in the risk of death in these groups. Within 2 delayed intensifications, patients 

treated on UKALLXI92 had the most inferior outcome with 5-year OS rates of 89% compared 

to 100%, 96%, and 96% for UKALL97, UKALL97/99, and UKALL2003 respectively. This 

difference was statistically significant as this group had a hazard of 3.07, 95% CI (1.47-6.41), 

p = 0.003 compared to UKALL2003 which was the group with the most similar outcome. 

Patients treated on UKALLXI92 who received 3 DIs performed significantly worse than those 

on UKALL97, with a hazard of 2.42, 95% CI (1.08-5.41), p = 0.032. When comparing 5-year 

survival rates of the two delayed intensification groups on UKALL2003, it is evident that 

ETV6::RUNX1 patients receiving 1 DI had superior survival to those receiving 2 DI at 99% vs 

96%. However this difference was not significant with a hazard ratio of 2.31, 95% CI (0.94-

5.65), p = 0.066 for the 2 DI group. Interestingly, patients treated on UKALLXI92 had 

comparable survival rates (~90%) for patients treated with 2 or 3 DIs, whilst patients treated 

on UKALL97 had superior 5 year OS rates in the 2 DI group at 100% vs 94%.  

 UKALLXI92 UKALL97 UKALL97/99 UKALL2003 UKALL2011 

5-year overall survival rates (95% CI) 

1 DI - - - 99% (97-99.8) 97% (95-98) 

2 DI 89% (79-95) 100% 96% (93-98) 96% (93-97) - 

3 DI 90% (79-95) 94% (89-97) - - - 

Overall survival hazard ratio (95% CI), p-value 

1 DI - - - 
0.54 (0.20-1.45), 

p =0.221 
1 

2 DI 
3.07 (1.47-6.41), 

0.003 
- 

1.26 (0.63-2.54), 

p = 0.509 
1 - 

3 DI 
2.42 (1.08-5.41), 

0.032 
1 - - - 

Table 19. 5-year overall survival rates and hazard ratios for ETV6::RUNX1 patients stratified 

by delayed intensification across trials. The latest trial available is used as the baseline in the 

Cox proportional hazards models. DI: delayed intensification. 
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For ETV6::RUNX1 patients in the event-free survival setting, there was once again a difference 

in outcome between the delayed intensifications with 5-year EFS rates of 92%, 89%, and 77% 

for 1, 2, and 3 delayed intensifications respectively [Figure 32]. When compared to 1 delayed 

intensification, both 2 and 3 DIs had significantly inferior survival with p-values of 0.043 and 

p < 0.001 respectively. The log-rank p-value is presented for the comparison between 1 and 

2 delayed intensifications due to violating the proportional hazards assumption.  The inferior 

survival seen in the three DI group could be due to the fact that only patients on the earlier 

trials (who had lower survival rates compared to patients on the more recent trials) received 

three delayed intensifications; whilst only patients on the two most recent trials were eligible 

to receive 1 intensification. Investigation by trial was performed to assess this. 
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  1 DI 2 DI 3 DI 

Hazard Ratio (95% CI), p 

Event-Free Survival 1 Log-rank p-value = 0.043 3.28 (2.30-4.67), <0.001 

Figure 32. Kaplan Meier and hazard ratios comparing the event-free survival of 

ETV6::RUNX1 patients stratified by delayed intensification. One delayed intensification is 

used as the baseline in the Cox proportional hazards models. The log-rank p-value is given in 

instances where the proportional hazards assumption was violated. DI: delayed 

intensification, EFS: event-free survival. 

 

ETV6::RUNX1 patients who received 1 delayed intensification on UKALL2003 had significantly 

better event-free survival than those on UKALL2011, with a hazard ratio of 0.56 (0.32-0.99), 

p = 0.047 [Table 20]. Patients who received 2 DIs had comparable outcomes on UKALL97, 

UKALL97/99, and UKALL2003 with survival rates ~92%, whilst patients on UKALLXI92 had 

significantly inferior EFS with 5-year rates of 57% and a hazard ratio of 6.32, 95% CI (3.94-

10.13), p < 0.001 compared to UKALL2003. Patients who received 3 DIs on UKALLXI92 also 

5-year EFS rates: 
1 DI: 92% (90-94) 
2 DI: 89% (87-91) 
3 DI: 77% (70-82) 
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had significantly worse survival when compared to those treated on UKALL97 with a hazard 

ratio of 2.07, 95% CI (1.23-3.47), p = 0.006. For patients treated on UKALL2003, those who 

received 1 delayed intensification performed slightly better than patients who received 2 

delayed intensifications (95% vs 93% EFS at 5-years) but this difference was not significant 

with a p-value of 0.35. As in overall survival, patients treated on UKALL97 had improved 

survival when receiving 2 DIs compared to 3 (94% vs 83%) whilst patients on UKALLXI92 had 

inferior EFS when receiving 2 DIs (57% vs 63%). Whilst these differences were not significant, 

with p-values of 0.123 and 0.594 respectively, this was an interesting observation, so further 

investigation into this difference was carried just in the patients who were randomised to 2 

or 3 delayed intensifications on these trials and is described in Section 3.4.4. 

 UKALLXI92 UKALL97 UKALL97/99 UKALL2003 UKALL2011 

5-year event-free survival rates (95% CI) 

1 DI - - - 95% (92-97) 91% (88-93) 

2 DI 57% (44-68) 94% (80-99) 91% (86-94) 93% (90-95) - 

3 DI 63% (51-73) 83% (76-89) - - - 

Event-free survival hazard ratio (95% CI), p-value 

1 DI - - - 
0.56 (0.32-0.99), 

p =0.047 
1 

2 DI 
6.32 (3.94-10.13), 

<0.001 

1.18 (0.42-3.29), 

0.75 

1.26 (0.75-2.11), 

p = 0.379 
1 - 

3 DI 
2.07 (1.23-3.47), 

0.006 
1 - - - 

Table 20. 5-year event-free survival rates and hazard ratios for ETV6::RUNX1 patients 

stratified by delayed intensification across trials. The latest trial available is used as the 

baseline in the cox proportional hazards models. DI: delayed intensification. 

 

3.4.3.2 High hyperdiploidy 

High hyperdiploidy patients who received two or three delayed intensifications had inferior 

overall survival when compared to patients who received one DI with 5-year OS rates of 94% 

and 91% respectively compared to 97% [Figure 33]. Both groups had over twice the risk of 

death compared to the patients receiving one DI (HR = 2.02, 95% CI (1.35-3.02), p = 0.001 and 
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HR = 2.64, 95% CI (1.68-4.15), p < 0.001). The difference in survival between 2 and 3 DIs was 

not significant p = 0.131. 

 

 

  1 DI 2 DI 3 DI 

Hazard Ratio (95% CI), p 

Overall Survival 1 2.02 (1.35-3.02), 0.001 2.64 (1.68-4.15), <0.001 

Figure 33. Kaplan Meier and hazard ratios comparing the overall survival of high 

hyperdiploidy patients stratified by delayed intensification. One delayed intensification is 

used as the baseline in the Cox proportional hazards models. DI: delayed intensification, OS: 

overall survival. 

 

When assessing across trials, high hyperdiploidy patients who received 1 delayed 

intensification on UKALL2003 had significantly better overall survival to those on UKALL2011 

with 5-year OS rates of 99% compared to 96% and a hazard ratio of 0.28, 95% CI (0.09-0.84), 

p = 0.024 [Table 21]. Patients receiving two delayed intensifications had similar 5-year OS 

5-year OS rates: 
1 DI: 97% (96-98) 
2 DI: 94% (92-95) 
3 DI: 91% (88-94) 
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rates on each trial of ~93%, however, there was a significant difference in hazard between 

UKALLXI92 and UKALL2003 patients at 2.10, 95% CI (1.33-3.31), p = 0.001. The difference 

between UKALL97 and UKALL2003 was not significant however, despite almost identical 5-

year OS rates between UKALLXI92 and UKALL97. There was no significant difference between 

the patients receiving three delayed intensifications with 5-year OS rates of ~91% and a 

hazard of 1.28, 95% CI (0.72-2.26), p = 0.405 for UKALLXI92 patients compared to UKALL97 

patients. Like in the ETV6::RUNX1 subgroup, high hyperdiploidy patients receiving 1 DI on 

UKALL2003 also had a higher 5-year OS rate than those receiving 2 DIs (99% v 94%) which was 

significant with a hazard ratio of 2.76, 95% CI (1.18-6.47), p = 0.019. There was no difference 

in OS between the two and three delayed intensification groups, both on UKALLXI92 and 

UKALL97 (p = 0.541 and p = 0.891 respectively).  

 UKALLXI92 UKALL97 UKALL97/99 UKALL2003 UKALL2011 

5-year overall survival rates (95% CI) 

1 DI - - - 99% (97-99.8) 96% (95-98) 

2 DI 91% (86-94) 92% (81-97) 95% (92-97) 94% (92-96) - 

3 DI 90% (85-94) 92% (88-95) - - - 

Overall survival hazard ratio (95% CI), p-value 

1 DI - - - 
0.28 (0.09-0.84), 

p =0.024 
1 

2 DI 
2.10 (1.33-3.31), 

0.001 

1.33 (0.57-3.11), 

0.513 

1.04 (0.61-1.78), 

p = 0.887 
1 - 

3 DI 
1.28 (0.72-2.26), 

0.405 
1 - - - 

Table 21. 5-year overall survival rates and hazard ratios for high hyperdiploidy patients 

stratified by delayed intensification across trials. The latest trial available is used as the 

baseline in the Cox proportional hazards models. DI: delayed intensification. 

 

In event-free survival, there was a difference in survival between the delayed intensifications 

in the high hyperdiploidy subgroup (5-year EFS rates: 91% vs 84% vs 81) as shown in Figure 

34. The difference was significant between two delayed intensifications (log-rank p-value < 
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0.001) and three delayed intensifications (HR: 2.13 (95% CI (1.58-2.86), p < 0.001)) as 

compared to one delayed intensification. There was no significant difference in survival 

between two and three delayed intensifications (p = 0.239). 

 

  1 DI 2 DI 3 DI 

Hazard Ratio (95% CI), p 

Event-Free Survival 1 Log-rank p-value <0.001 2.13 (1.58-2.86), <0.001 

Figure 34. Kaplan Meier and hazard ratios comparing the event-free survival of high 

hyperdiploidy patients stratified by delayed intensification. One delayed intensification is 

used as the baseline in the Cox proportional hazards models. The log-rank p-value is given in 

instances where the proportional hazards assumption was violated. DI: delayed 

intensification, EFS: event-free survival. 

 

Across trials, patients receiving 2 delayed intensifications had comparable EFS rates with the 

exception of UKALLXI92 patients who had a 5-year EFS rate of 64% compared to 84%, 85%, 

and 90% on the three latter trials [Table 22]. Patients receiving 1 delayed intensification on 

5-year EFS rates: 
1 DI: 91% (88-92) 
2 DI: 84% (81-86) 
3 DI: 81% (77-85) 
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UKALL2003 had superior event-free survival with a 5-year EFS rate of 96% compared to 89% 

for patients on UKALL2011. The hazard for UKALL2003 patients was significantly reduced at 

0.46, 95% CI (0.26-0.82), p = 0.008. There was no difference in outcome for patients receiving 

3 DIs on UKALLXI92 and UKALL97 with a hazard ratio of 1.39, 95% CI (0.91-2.12), p = 0.130 for 

the UKALLXI92 group. Once again, patients had superior survival when receiving 1 DI on 

UKALL2003 compared to 2 DIs, with 5-year EFS rates of 96% and 90% respectively (p = 0.028).  

 UKALLXI92 UKALL97 UKALL97/99 UKALL2003 UKALL2011 

5-year event-free survival rates (95% CI) 

1 DI - - - 96% (93-98) 89% (86-91) 

2 DI 64% (57-70) 84% (72-91) 85% (80-88) 90% (87-92) - 

3 DI 77% (70-82) 85% (79-89) - - - 

Event-free survival hazard ratio (95% CI), p-value 

1 DI - - - 
0.46 (0.26-0.82), 

p =0.008 
1 

2 DI 
4.06 (2.97-5.55), 

<0.001 

1.70 (0.93-3.13), 

p = 0.086 

1.44 (0.99-2.08), 

p = 0.057 
1 - 

3 DI 
1.39 (0.91-2.12), 

0.130 
1 - - - 

Table 22. 5-year event-free survival rates and hazard ratios for high hyperdiploidy patients 

stratified by delayed intensification across trials. The latest trial available is used as the 

baseline in the Cox proportional hazards models. DI: delayed intensification. 

 

3.4.3.3 Representative cohort analysis 

Again, the cohorts were assessed across the groups to ensure these findings were not caused 

by an enrichment of patients with certain demographics in one of the delayed intensification 

subgroups. Table 23 shows there is a higher proportion of males receiving two delayed 

intensifications within ETV6::RUNX1 patients, however this is likely due to the fact that there 

was a higher proportion of males than females on UKALL97/99 and patients on this trial all 

received two delayed intensifications. There is no difference in age or white cell count across 

the three delayed intensification groups with a median age of ~4, and ~83% of patients having 
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a low white cell count in each group. A slightly higher proportion of patients receiving two 

delayed intensifications were treated on regimen A when compared to one delayed 

intensification whilst the inverse is seen for regimen B, which has a higher proportion in the 

one delayed intensification group. The proportion of patients who received regimen C was 

similar at 14% and 12% for 1 and 2 delayed intensifications respectively.  

  Total 1 DI 2 DI 3 DI P-value 

Total 1750 (100) 779 (45) 766 (44) 205 (12) 
 

Median Follow-up (years) 9.62 7.12 11.22 12.16 
 

Sex 
 

Male 955 (55) 403 (52) 445 (58) 107 (52) 
 

Female 795 (45) 376 (48) 321 (42) 98 (48) p = 0.033 

Age (years) 
 

Median  4 4 4.13 4.27 
 

1-4 1125 (64) 500 (64) 495 (65) 130 (63) 
 

5-9 496 (28) 218 (28) 214 (28) 64 (31) 
 

10-14 111 (6) 50 (6) 50 (7) 11 (5) 
 

15-19 17 (1) 10 (1) 7 (1) 0 (0) 
 

≥20 1 (0.06) 1 (0.13) 0 (0) 0 (0) p = 0.745 

White Cell Count (× 109/L) 
 

Median  10.2 9.4 10.15 14.2 
 

<50 1462 (84) 653 (84) 639 (83) 170 (83) 
 

≥50 288 (16) 126 (16) 127 (17) 35 (17) p = 0.946 

Regimen 
 

A  981 (68) 506 (65) 475 (71) - 
 

B 274 (19) 165 (21) 109 (16) - 
 

C 189 (13) 108 (14) 81 (12) - p = 0.026 

Table 23. Distribution of ETV6::RUNX1 cases across delayed intensifications by key 

demographic features. P-values calculated using Pearson χ2 statistic. DI: delayed 

intensification.  

 

There was no significant difference in the proportions of males and females, nor the white 

cell counts across the DI groups within the high hyperdiploidy subgroup. The proportion of 

patients under the age of 5 is almost identical across the groups at ~63%, however there is a 

significant difference in the proportion of patients in the subgroups above this age as seen in 

Table 24. There were proportionally more low risk patients who received two DIs compared 
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to one DI (67% vs 59%) whilst more patients who received 1 DI were transferred to regimen 

C (26% vs 20%). However, only patients on UKALL2011 were able to receive one delayed 

intensification on regimen C, thus this could explain the disparity between the two groups. 

  Total 1 DI 2 DI 3 DI p-value 

Total 2524 (100) 944 (37) 1174 (47) 406 (16) 
 

Median Follow-up (years) 9.39 6.42 11.27 12.18 
 

Sex 
 

Male 1393 (55) 530 (56) 636 (54) 227 (56) 
 

Female 1131 (45) 414 (44) 538 (46) 179 (44) P = 0.630 

Age (years) 
 

Median  3.95 3.65 4.02 3.89 
 

1-4 1599 (63) 604 (64) 738 (63) 257 (63) 
 

5-9 611 (24) 216 (23) 282 (24) 113 (28) 
 

10-14 212 (8) 69 (7) 113 (10) 30 (7) 
 

15-19 92 (4) 47 (5) 39 (3) 6 (1) 
 

≥20 10 (0.4) 8 (1) 2 (0.17) 0 (0) p = 0.002 

White Cell Count (× 109/L) 
 

Median  7.2 7 7.3 7.65 
 

<50 2297 (91) 866 (92) 1070 (91) 361 (89) 
 

≥50 227 (9) 78 (8) 104 (9) 45 (11) p = 0.245 

Regimen 
 

A  1166 (63) 560 (59) 606 (67) - 
 

B 260 (14) 143 (15) 117 (13) - 
 

C 427 (23) 241 (26) 186 (20) - p = 0.004 

Table 24. Distribution of high hyperdiploidy cases across delayed intensifications by key 

demographic, clinical and treatment features. P-values calculated using Pearson χ2 statistic. 

DI: delayed intensification. 
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3.4.4 Comparison of two vs three intensification blocks in UKALLXI92 and UKALL97  

3.4.4.1 ETV6::RUNX1 

In order to determine if the inferior survival seen in the ETV6::RUNX1 patients who received 

a third block when compared to just two intensification blocks is legitimate, a comparison of 

these two groups in just the trials where a randomisation between them occurred was 

performed. To determine if any results seen were unique to ETV6::RUNX1, the same analysis 

was performed in high hyperdiploidy. 

Figure 35 shows that for ETV6::RUNX1 patients, there is no significant difference in outcome 

between the two randomised groups on UKALLXI92 with 5-year OS rates that were identical 

at 89%. The hazard ratio was not significant at 1.29, 95% CI (0.56-2.94), p = 0.549 [Table 25]. 

A hazard ratio was unavailable due to a lack of events in the two delayed randomisations 

group for patients on UKALL97 and is thus not shown in Table 25. Patients on UKALL97 

receiving a third intensification block had inferior overall survival compared to patients 

receiving two intensification blocks. At 5 years, there had been no deaths in the group who 

received two intensifications whilst the survival for the third intensification block group was 

at 88% (Log-rank test p-value = 0.0262).  

 

 

 

 

 



 

100 

 

 

Figure 35. Kaplan Meier depicting the overall survival of ETV6::RUNX1 patients stratified by 

3rd delayed intensification block randomisation on (a) UKALLXI92 and (b) UKALL97.  

 

 

 

Table 25. Hazard ratio in the overall survival setting of ETV6::RUNX1 cases randomised 

between two and three delayed intensifications on UKALLXI92. Two delayed intensifications 

was used as the baseline in the Cox proportional hazards models. 

 

In the event-free survival setting, there was no significant difference in outcome between the 

groups on UKALLXI92 with 5-year EFS rates of 64% and 57% for 1 and 2 delayed 

intensifications respectively (p = 0.546). Within UKALL97, there was a significant difference in 

survival by log-rank test with EFS rates of 97% vs 76% (p = 0.0405) for 2 DI vs 3 DI respectively. 

Whilst the log-rank test determined there was a difference in the number of observed vs 

expected events in these groups, there was no significant difference in the risk of an event by 

the Cox proportional hazards model with p-values of 0.056 [Table 26]. Kaplan-Meiers show 

these differences in Figure 36. 

 

 
3rd Block Not 

Hazard Ratio (95% CI), p 

Overall Survival 1.29 (0.56-2.94), 0.549 1 

(a) (b) 
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Figure 36. Kaplan Meier depicting the event-free survival of ETV6::RUNX1 patients stratified 

by 3rd delayed intensification block randomisation on (a) UKALLXI92 and (b) UKALL97. 

 
  

3rd Block Not 

Hazard Ratio (95% CI), p 

Event-Free 

Survival 

0.85         

(0.50-1.44), 

0.546 

1 

 
  

3rd Block Not 

Hazard Ratio (95% CI), p 

Event-Free 

Survival 

3.65        

(0.97-13.75), 

0.056 

1 

Table 26. Hazard ratio in the event-free survival setting of ETV6::RUNX1 cases randomised 

between two and three delayed intensifications on (a) UKALLXI92 and (b) UKALL97. Two 

delayed intensifications was used as the baseline in the Cox proportional hazards models.  

 

3.4.4.2 High hyperdiploidy 

It is clear from Figure 37 that high hyperdiploidy patients had identical overall survival rates 

at 5 years at 90% (95% CI (85-94)). The hazard was non-significant (p = 0.572). In UKALL97, 

patients receiving three DIs had poorer outcomes compared to the other group (5-year OS 

rates: 89% vs 94%), but that difference wasn’t significant with a Cox proportional hazards 

model p-value of 0.427 [Table 27]. 

 

(a) (b) 

(a) (b) 
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Figure 37. Kaplan Meier depicting the overall survival of high hyperdiploidy patients 

stratified by 3rd delayed intensification block randomisation on (a) UKALLXI92 and (b) 

UKALL97. 

 
  

3rd Block Not 

Hazard Ratio (95% CI), p 

Overall Survival 

0.86       

(0.50-1.47), 

0.572 

1 

 
  

3rd Block Not 

Hazard Ratio (95% CI), p 

Overall Survival 

1.65         

(0.48-5.62), 

0.427 

1 

Table 27. Hazard ratio in the overall survival setting of high hyperdiploidy cases randomised 

between two and three delayed intensifications on (a) UKALLXI92 and (b) UKALL97. Two 

delayed intensifications was used as the baseline in the Cox proportional hazards models.  

 

High hyperdiploidy patients who received a third intensification block on UKALLXI92 had 

significantly better event-free survival than those who received two DIs with 5-year EFS rates 

of 77% vs 63% and a hazard ratio of 0.54 (95% CI (0.37-0.77), p = 0.001) [Figure 38, Table 28]. 

This is in contrast to the results seen in Section 3.4.7 in which third block patients had the 

worst survival. Interestingly, in UKALL97, the hazard ratio suggests an increased risk in the 

three intensification blocks group (HR: 1.51, 95% CI (0.65-3.48), p = 0.338), which is the 

inverse of what was seen in UKALLXI92. However, this risk is not significant with the 95% 

confidence interval spanning hazards both above and below the baseline of 1.  

(a) (b) 

(a) (b) 
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Figure 38. Kaplan Meier depicting the event-free survival of high hyperdiploidy patients 

stratified by 3rd delayed intensification block randomisation on (a) UKALLXI92 and (b) 

UKALL97. 

 
 

3rd Block Not 

Hazard Ratio (95% CI), p 

Event-Free 

Survival 

0.54     

(0.37-0.77), 

0.001 

1 

 
 

 
3rd Block Not 

Hazard Ratio (95% CI), p 

Event-Free 

Survival 

1.50          

(0.65-3.47), 

0.340 

1 

Table 28. Hazard ratio in the event-free survival setting of high hyperdiploidy cases 

randomised between two and three delayed intensifications on (a) UKALLXI92 and (b) 

UKALL97. Two delayed intensifications was used as the baseline in the Cox proportional 

hazards models.  

 

3.4.4.3 Representative cohort analysis 

Again, the demographics across the two groups were compared within each genetic 

subgroup. Event-free survival switched between being superior in the patients receiving a 

third intensification block treated on UKALLXI92 to the patients only receiving two 

intensification blocks when treated on UKALL97, however this same phenomenon was not 

seen in overall survival. Therefore, it was hypothesised that this change in EFS between the 

trials was due to a reduction in the number of relapses in patients treated with two delayed 

intensifications between UKALLXI92 and UKALL97. Thus, relapse site was included for 

(a) (b) 

(a) (b) 
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comparison in this analysis to determine if a specific site of relapse (e.g. CNS) was the cause 

of this finding.  

For the ETV6::RUNX1 subgroup, within UKALLXI92 there was no difference in the proportions 

of sex, age, white cell count, or CNS treatment which is expected as this was accounted for in 

the randomisation [Table 29]. There was also no significant difference in the proportion of 

relapses or deaths between the two groups. Relapse site also showed no significant difference 

with approximately half of all relapses being in the bone marrow. Thus, any difference in 

outcome is likely due to the difference in treatment alone. 
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 UKALLXI92 Total 3rd Block No 3rd Block p-value 

Total, n(%) 132 (100) 67 (51) 65 (49) 
 

Sex 
 

Male 69 (52) 35 (52) 34 (52) 
 

Female 63 (48) 32 (48) 31 (48) p = 0.994 

Age (years) 
 

1-4 82 (62) 42 (63) 40 (62) 
 

5-9 38 (29) 19 (28) 19 (29) 
 

10-14 12 (9) 6 (9) 6 (9) 
 

15-19 0 (0) 0 (0) 0 (0) 
 

≥20 0 (0) 0 (0) 0 (0) p = 0.991 

White Cell Count (× 109/L) 
 

<50 108 (82) 55 (82) 53 (82) 
 

>50 24 (18) 12 (18) 12 (18) p = 0.935 

CNS treat 
 

IT-MTX 58 (44) 26 (39) 32 (49) 
 

HD-MTX 64 (48) 38 (57) 26 (40) 
 

Radiotherapy 10 (8) 3 (4) 7 (11) p = 0.109 

Relapse 
 

Yes 55 (42) 26 (39) 29 (45) 
 

No 77 (58) 41 (61) 36 (55) p = 0.499 

Relapse Site 
 

Bone Marrow 26 (47) 13 (50) 13 (45) 
 

CNS   8 (15) 5 (19) 3 (10) 
 

BM + CNS 9 (16) 3 (12) 6 (21) 
 

Testes  6 (11) 2 (8) 4 (14) 
 

Other 6 (11) 3 (12) 3 (10) p = 0.734 

Dead 
 

Yes 23 (17) 13 (19) 10 (15) 
 

No 109 (83) 54 (81) 55 (85) p = 0.543 

Table 29. Distribution of ETV6::RUNX1 cases randomised to two or three delayed 

intensification blocks on UKALLXI92 by key demographic, clinical and treatment features. 

P-values calculated using Pearson χ2 statistic. 
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In UKALL97, there was also no significant difference in the proportions of sex, age, white cell 

count, or CNS treatment between the randomisations. The HR1 group, comprised of patients 

who were treated on a regimen for children with high-risk acute lymphoblastic leukaemia 

[Section 2.2.3], is driving the difference in white cell count and CNS treatment seen in Table 

30, however this isn’t detrimental to the comparison performed in this section as the HR1 

was excluded due to differences in treatment. There was also no difference in the proportion 

of relapses or deaths between these groups, nor the type of relapse. There were only 3 

relapses in the group receiving two intensifications and they were all marrow relapses, whilst 

in the three intensifications group, 5 out of 8 relapses were marrow. There are no isolated 

CNS relapses in either group which accounted for 10% and 19% of all relapses in the two DI 

and three DI groups in UKALLXI92 respectively. This could imply that the CNS treatment 

administered on the UKALL97 trial was more effective than that administered in UKALLXI92. 

The difference in the CNS treatment administered between the two trials was that patients 

treated on UKALL97 with a white cell count <50x109/L were no longer randomised between 

IT-MTX or HD-MTX (as in UKALLXI92) and were instead all assigned IT-MTX. Therefore, the 

number of patients who received IT-MTX on UKALL97 approximately doubled, whilst the 

number who received HD-MTX decreased dramatically [Tables 29 and 30]. This difference 

may have improved EFS in the group receiving two intensification blocks, removing the need 

for three intensifications in the ETV6::RUNX1 subgroup.  
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UKALL97 Total 3rd Block No 3rd Block HR1 p-value 

Total, n(%) 56 (100) 25 (45) 29 (52) 2 (3) 
 

Sex 
 

Male 29 (52) 12 (48) 15 (52) 2 (100) 
 

Female 27 (48) 13 (52) 14 (48) 0 (0) p = 0.367 

Age (years) 
 

1-4 33 (59) 16 (64) 17 (59) 0 (0) 
 

5-9 20 (36) 8 (32) 10 (34) 2 (100) 
 

10-14 3 (5) 1 (4) 2 (7) 0 (0) 
 

15-19 0 (0) 0 (0) 0 (0) 0 (0) 
 

≥20 0 (0) 0 (0) 0 (0) 0 (0) p = 0.402 

White Cell Count (× 109/L) 
 

<50 42 (75) 20 (80) 22 (76) 0 (0) 
 

>50 14 (25) 5 (20) 7 (24) 2 (100) p = 0.042 

CNS treat 
 

IT-MTX 42 (75) 20 (80) 22 (76) 0 (0) 
 

HD-MTX 8 (14) 2 (8) 4 (14) 2 (100) 
 

Radiotherapy 6 (11) 3 (12) 3 (10) 0 (0) p = 0.012 

Relapse 
 

Yes 11 (20) 8 (32) 3 (10) 0 (0) 
 

No 45 (80) 17 (68) 26 (90) 2 (100) p = 0.106 

Relapse Site 
 

Bone Marrow 8 (73) 5 (63) 3 (100) 0 (0) 
 

CNS 0 (0) 0 (0) 0 (0) 0 (0) 
 

BM + CNS 2 (18) 2 (25) 0 (0) 0 (0) 
 

Testes 1 (9) 1 (13) 0 (0) 0 (0) 
 

Other 0 (0) 0 (0) 0 (0) 0 (0) p = 0.461 

Dead 
 

Yes 4 (7) 4 (16) 0 (0) 0 (0) 
 

No 52 (93) 21 (84) 29 (100) 2 (100) p = 0.069 

Table 30. Distribution of ETV6::RUNX1 cases randomised to two or three delayed 

intensification blocks on UKALL97 by key demographic, clinical and treatment features. P-

values calculated using Pearson χ2 statistic. 

 

Within high hyperdiploidy, there was once again no difference in the proportions of age, sex, 

white cell count, or CNS treatment between the randomised groups on UKALLXI92. There was 

however a difference in the proportion of relapses between the group, with the patients 
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receiving two delayed intensifications having proportionally more relapses 38% vs 25% (p = 

0.007). There is no difference in the type of relapse suggesting that this difference is not 

driven by a particular type of relapse. There is no difference in the proportion of deaths across 

the groups suggesting that the additional relapses in the two delayed intensification block 

group were salvageable [Table 31].  
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  Total 3rd Block No 3rd Block p-value 

Total, n(%) 379 (100) 181 (48) 198 (52) 
 

Sex 
 

Male 220 (58) 109 (60) 111 (56) 
 

Female 159 (42) 72 (40) 87 (44) p = 0.412 

Age (years) 
 

1-4 237 (63) 113 (62) 124 (63) 
 

5-9 111 (29) 54 (30) 57 (29) 
 

10-14 31 (8) 14 (8) 17 (9) 
 

15-19 0 (0) 0 (0) 0 (0) 
 

≥20 0 (0) 0 (0) 0 (0) p = 0.942 

White Cell Count (× 109/L) 
 

<50 348 (92) 165 (91) 183 (92) 
 

>50 31 (8) 16 (9) 15 (8) p = 0.654 

CNS treat 
 

IT-MTX 181 (48) 91 (51) 90 (46) 
 

HD-MTX 184 (49) 81 (45) 103 (52) 
 

Radiotherapy 11 (3) 7 (4) 4 (2) p = 0.273 

Relapse 
 

Yes 120 (32) 45 (25) 75 (38) 
 

No 259 (68) 136 (75) 123 (62) P = 0.007 

Relapse Site 
 

Bone Marrow 40 (41) 19 (42) 30 (40) 
 

CNS   17 (14) 7 (16) 10 (13) 
 

BM + CNS 20 (17) 8 (18) 12 (16) 
 

Testes  11 (9) 4 (9) 7 (9) 
 

Other 23 (19) 7 (16) 16 (21) p = 0.954 

Dead 
 

Yes 54 (14) 24 (13) 30 (15) 
 

No 325 (86) 157 (87) 168 (85) p = 0.599 

Table 31. Distribution of high hyperdiploidy cases randomised to two or three delayed 

intensification blocks on UKALLXI92 by key demographic, clinical and treatment features. 

P-values calculated using Pearson χ2 statistic. 

 

Within UKALL97, there was a significant difference in sex, age and CNS treatment, with a 

higher proportion of females receiving two intensification blocks as well as older patients 

overall, and more patients receiving radiotherapy in this subgroup compared to those 
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receiving three delayed intensifications. There was however no significant difference in the 

proportion of relapses or deaths in those groups, and the site of relapse remained 

approximately stable between the groups also. This is seen in Table 32 below. 

  Total  3rd Block No 3rd Block HR1 p-value 

Total, n(%) 122 (100) 57 (47) 51 (42) 14 (11) 
 

Sex 
 

Male 69 (57) 35 (61) 22 (43) 12 (86) 
 

Female 53 (43) 22 (39) 29 (57) 2 (14) p = 0.010 

Age (years) 
 

1-4 70 (57) 36 (63) 34 (67) 0 (0) 
 

5-9 34 (28) 19 (33) 11 (22) 4 (29) 
 

10-14 12 (10) 2 (4) 5 (10) 5 (36) 
 

15-19 6 (5) 0 (0) 1 (2) 5 (36) 
 

≥20 0 (0) 0 (0) 0 (0) 0 (0) p < 0.001 

White Cell Count (× 109/L) 
 

<50 107 (88) 51 (89) 46 (90) 10 (71) 
 

>50 15 (12) 6 (11) 5 (10) 4 (29) p = 0.142 

CNS treat 
 

IT-MTX 94 (79) 51 (91) 43 (88) 0 (0) 
 

HD-MTX 23 (19) 5 (9) 4 (8) 14 (100) 
 

Radiotherapy 2 (2) 0 (0) 2 (4) 0 (0) p < 0.001 

Relapse 
 

Yes 23 (19) 12 (21) 9 (18) 2 (14) 
 

No 99 (81) 45 (79) 42 (82) 12 (86) p = 0.811 

Relapse Site 
 

Bone Marrow 12 (52) 6 (50) 5 (56) 1 (50) 
 

CNS   3 (13) 2 (17) 1 (11) 0 (0) 
 

BM + CNS 5 (22) 3 (25) 2 (22) 0 (0) 
 

Testes  0 (0) 0 (0) 0 (0) 0 (0) 
 

Other 3 (13) 1 (8) 1 (11) 1 (50) p = 0.776 

Dead 
 

Yes 14 (11) 7 (12) 4 (8) 3 (21) 
 

No 108 (89) 50 (88) 47 (92) 11 (79) p = 0.356 

Table 32. Distribution of high hyperdiploidy cases randomised to two or three delayed 

intensification blocks on UKALL97 by key demographic, clinical and treatment features. P-

values calculated using Pearson χ2 statistic. 
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There is a greater reduction in the proportion of relapses from UKALLXI92 to UKALL97 in the 

patients receiving two delayed intensifications compared to those receiving three delayed 

intensifications (ETV6::RUNX1: 39% vs 45% in UKALLXI92 and 32% vs 10% in UKALL97, high 

hyperdiploidy: 25% vs 38% in UKALLXI92 and 21% vs 18% in UKALL97) which could be driving 

the difference in the hazard ratios seen in the two trials [Tables 29-32]. It is clear from Figures 

35 - 38 that the risk of an event for patients receiving two intensification blocks drastically 

reduced between the two trials. This same difference is not seen between the two third 

intensification block groups. Furthermore, whilst not statistically significant, the Cox 

proportional hazards model suggests there is a reduced risk of an event for patients receiving 

a third block compared to two delayed intensifications in UKALLXI92, whilst in UKALL97, it is 

suggested that a third intensification block increases the risk of an event. Thus, a test of 

heterogeneity between the third intensifications blocks on the two trials was performed 

within ETV6::RUNX1 [Figure 39] and high hyperdiploidy subgroups [Figure 40] within the 

relapse setting – the primary driver of the difference seen in the event-free setting. These 

tests determined that there was evidence of heterogeneity between the randomised groups 

in ETV6::RUNX1 patients (p < 0.01) but no heterogeneity in the high hyperdiploidy subgroup 

due to a p-value > 0.05.   

 

 

 

Figure 39. Forest plot and test of heterogeneity comparing risk of relapse between 

ETV6::RUNX1 patients receiving three delayed intensifications on UKALLXI92 and UKALL97.  

 

3rd block worse 3rd block better 
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Figure 40. Forest plot and test of heterogeneity comparing risk of relapse between high 

hyperdiploidy patients receiving three delayed intensifications on UKALLXI92 and UKALL97. 

 

3.5 Discussion 

This chapter ascertains the survival of good risk genetics patients on historic UKALL paediatric 

trials and how different treatment elements affect these survival rates. This study also 

demonstrated that ETV6::RUNX1 and high hyperdiploidy patients were enriched with good 

risk features including a younger age and lower white cell counts which is consistent with the 

literature (Zheng et al., 2021; Alvarez et al., 2007; Paulsson and Johansson, 2009; Haas and 

Borkhardt, 2022).  

There is improvement in survival in both endpoints from the first trial considered in this study 

to the latest trial in both subgroups, with each trial generally improving upon the last with 

few exceptions [Figures 23-26]. Within ETV6::RUNX1 there is a 7% increase in overall survival 

across the trials at 5 years and a 30% increase in event-free survival from UKALLXI92 to 

UKALL2003 which had the EFS rates at 94% [Figures 23 and 24]. For high hyperdiploidy, a 5% 

increase in overall survival and a 21% increase in event-free survival was achieved at the same 

time point [Figures 25 and 26]. In ETV6::RUNX1, cure rates were comparable from UKALL97 

whilst event-free survival rates surpassed 90% from UKALL97/99, suggesting that the change 

in treatment stratification to regimen based on NCI risk was beneficial but that no changes to 

treatment in the latter trials significantly affected survival. These findings support those of 

Østergaard et al. who concluded that the outcomes between contemporary trials (enrolling 

3rd block worse 3rd block better 
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between 2000-2017) were similar and that further treatment de-escalation should be 

assessed for feasibility in the ETV6::RUNX1 population (Østergaard et al., 2024). This same 

effect was seen within overall survival in the high hyperdiploidy subgroup (with the earlier 

two trials having significantly worse cure rates) but was not the case in event-free survival 

with UKALL97/99 having similar rates to UKALL97 and the latter two trials having significantly 

better EFS rates (p < 0.001) [Figures 25 and 26].  

As a whole, and within both genetic subgroups considered in this study, UKALL2011 had 

inferior event-free survival rates to its predecessor UKALL2003, but this does not impact 

overall survival in either subgroup. This engenders a delicate question concerning the optimal 

approach to treatment: should we give less intensive frontline therapy to all and salvage 

relapses (particularly in low risk subgroups) or should we continue with more intensive 

frontline therapy, reducing relapses but potentially causing unnecessary toxicities and long-

term late effects in patients? Further investigation into different treatment elements, drug 

dosages, novel therapies, and pharmacokinetics may be required to elucidate on this matter; 

helping to determine how many patients would need to be potentially over-treated in order 

to prevent these events and if there are any additional factors that could be used to further 

stratify patients.   

A limitation of this analysis is that patients were assigned to regimen based on the risk factors 

age, white cell count at diagnosis, and MRD as outlined in Chapter 2. Therefore, it is expected 

that the high-risk patients assigned to regimen C would perform poorly compared to those 

on regimens A and B. In order to mitigate this limitation, a representative cohort analysis was 

performed to examine the distribution of these risk factors.  When comparing the distribution 

of cases across the trials by key features, it became evident that more patients from each 

subgroup were classified as high risk over time and moved to regimen C, which raised the 

question as to whether this change was beneficial for these patients. For ETV6::RUNX1 

patients in this study, patients treated on regimen B and C have inferior overall survival rates 

to those treated on regimen A, which is a result not seen in high hyperdiploidy patients who 

have similar 5 year survival rates and non-significant p-values in Cox proportional hazards 

models [Figures 27 and 29]. This suggests either that NCI risk/ early treatment response are 

still prognostic within the ETV6::RUNX1 subgroup but not within high hyperdiploidy, or that 

the more intensive regimens have an adverse effect on the treatment of ETV6::RUNX1 
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patients. Further to this, the significant difference in event-free survival between regimens A 

and C in both subgroups supports the hypothesis that slow early response is prognostic of 

events [Figures 28 and 30]. Also of note, is that good risk genetics patients could only transfer 

to Regimen C due to slow early response, including EOI MRD from UKALL2003 onwards. 

Hence, due to the increase of this phenomena over the course of the trials, one could 

hypothesise that the overall reduction in intensity of induction resulted in fewer good risk 

genetics patients responding in a timely manner, resulting in more intensive treatment for 

these patients for the rest of the protocol. However, further research into this matter is 

required. 

Initially, comparison of outcomes by the number of delayed intensifications received as a 

whole was performed. Within both subgroups, each increase in the number of delayed 

intensifications resulted in inferior survival rates and a significantly larger likelihood of an 

event occurring as specified by the Cox proportional hazards models. Analysis across trials 

generally confirmed this finding with patients on UKALL97 having equivalent or superior 

survival when receiving 2 DIs compared to 3, and patients on UKALL2003 having better 

survival rates when receiving 1 DI compared to 2. However, this difference for UKALL2003 

patients is likely because the 2 DI group was enriched for regimen C patients as they were 

assigned to 2 delayed intensifications. Thus, further multivariate analysis between treatment 

elements is required. The results between the 2 and 3 DI groups treated on UKALL97 were of 

complete contrast to those of UKALLXI92, wherein having 3 delayed intensifications generally 

improved survival. Whilst this result was interesting, it was possible that this observation was 

skewed by patients assigned to a certain number of DIs on a trial. Thus, in order to determine 

the validity of these findings, analysis was performed comparing the patients randomised to 

receive two delayed intensifications vs three delayed intensifications on UKALLXI2 and 

UKALL97. 

Within both subtypes, there was a much larger reduction in proportion of relapses in the 

group randomised to receive two delayed intensifications from UKALLXI92 to UKALL97 than 

those receiving three intensifications [Tables 29-32]. For example, within ETV6::RUNX1, the 

reduction in the two DI group was from 45% to 10%, whilst in the three delayed intensification 

group it was from 39% to 32%. Furthermore, this effect often resulted in the group receiving 

two delayed intensifications initially having a proportionally greater number of relapses to 
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proportionally fewer compared to the third intensification block group. Overall, this reduction 

in relapses does not seem to be due to a specific type of relapse as within each subtype, the 

difference in the proportions of relapse site remains statistically non-significant as shown in 

Table 33. Similarly, in death the same phenomenon occurred in the proportion of deaths 

between the two trials, with the proportion of deaths remaining relatively stable between the 

trials within the third intensification block but reducing in the other group. Therefore, whilst 

the p-values were largely non-significant, the group with the increased risk of an event 

switched from two delayed intensifications to three delayed intensifications between 

UKALLXI92 and UKALL97. A test of heterogeneity performed in each subgroup determined 

that this difference was significant in the ETV6::RUNX1 which suggests that whilst the third 

block was beneficial for these patients on UKALLXI92, it was detrimental to those patients on 

UKALL97. Overall, these findings suggest that the additional changes made to the protocol 

between UKALLXI92 and UKALL97 removed the necessity for a third intensification block in 

all good risk patients. These findings differ from those of Hann et al. who concluded that the 

results from UKALLXI92 and UKALL97 support the idea that intensification of treatment is 

beneficial to all children with ALL (Hann et al., 2000). However, as noted in their study, they 

could not determine if the additional intensification block was the sole cause of the improved 

outcome in UKALLXI92 and UKALL97 or whether design of the schedule made a contribution. 

Analysis in this thesis of the two trials separately seems to imply that it was the changes to 

the treatment schedule on UKALL97, and not the additional intensification block, that caused 

the improvement. 

Genetic Subgroup Pearson χ² test p-value 

ETV6::RUNX1 P = 0.785 

High hyperdiploidy P = 0.601 

Table 33. Results of Pearson χ² tests of the difference in proportions of relapse site between 

UKALLXI92 and UKALL97 within ETV6::RUNX1 and high hyperdiploidy subgroups.  

 

In summary, these findings suggest that the changes in treatment employed throughout the 

clinical trials from UKALL97 onwards did not significantly affect the cure rates of the two good 

risk genetic subgroups. As such, the next logical step is to identify which treatment elements 
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throughout these trials were the least intensive whilst still maintaining optimal outcomes in 

order to reduce unnecessary toxicities. This is the overarching aim of chapters 4 and 5.  
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Chapter 4. Calculation and assembly of drug dosages dataset and 

development of a dose intensity score 
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4.1 Introduction 

Current research efforts in ALL often assess the effect of changing individual treatment 

elements within protocols, such as additional intensification blocks or the stratification of 

patients into regimens, on patient outcomes overall. This approach, whilst useful in 

determining the benefit of these modifications, fails to capture the intensity of all therapy 

received and its resulting effect on outcomes as a whole. In order to achieve this, some 

method to compare intensity of the pathways is necessary. However, this is difficult to 

achieve as no patient with ALL is treated with monotherapy and the synergy of certain drugs 

can effect overall intensity not captured simply by dosage (Cheok and Evans, 2006; Bayat 

Mokhtari et al., 2017). Moreover, each patient will respond to therapy differently due to their 

unique metabolism and genetics (Wu and Li, 2018; Cheok et al., 2009). Thus, where available, 

studies will harness the use of pharmacokinetics and pharmacogenetics to optimise efficacy 

of treatment in individual patients (Cheok et al., 2009). 

In many studies however, these type of data were not collected, and thus a true assessment 

of the intensity of treatment and an individual patient’s response to therapy cannot be made. 

As such, attempts have been made within the literature to approximate the intensity of 

treatment based solely on the dosage of drugs administered. The first study to present this 

was in 1984 in which Hryniuk et al. calculated dose intensities of cytotoxic drugs 

cyclophosphamide, methotrexate, and 5-fluorouracil (which he called C, M, and F 

respectively) relative to a chemotherapy regimen described to successfully treat breast 

cancer which he called Cooper’s regimen (Hryniuk and Bush, 1984). Whilst full details are 

available in the original paper, a brief summary of the Hryniuk method was as follows: 1. 

Convert doses of C, M, and F to the standard form of mg/m2/week, 2. Express the dose 

intensities as a fraction of the dose intensities in Cooper’s original regimen, 3. Calculate the 

average relative dose intensity of the therapy (Hryniuk and Bush, 1984).  This method was 

applied to compare chemotherapy trials in stage II breast cancer and to compare 

chemotherapy regimens in ovarian carcinoma (Hryniuk and Levine, 1986; Levin and Hryniuk, 

1987). Hryniuk also developed an alternative method for calculating dose intensity named 

summation dose intensity (Hryniuk, Frei and Wright, 1998).  

In more recent years, Lee et al. established a modified version of Hryniuk’s relative dose 

intensity model for dose reduction of FOLFIRINOX in pancreatic cancer research which was 
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validated in a study by Vary et al. with limited success. (Lee et al., 2017; Vary et al., 2021). In 

ALL, treatment intensity for ETV6::RUNX1 patients was successfully calculated by a 

modification of Hryniuk’s relative dose intensity method (Østergaard et al., 2024). These 

approaches all rely on the assignment of a baseline treatment arm/ regimen to calculate a 

relative dose intensity for the other regimens which is beneficial for the comparison of trials 

to one established regimen but not as useful when trying to compare the actual intensity of 

each pathway, which is the aim of this study. Thus, efforts to develop a novel dose intensity 

score and use it to identify optimal treatment elements are explored in this chapter.   

4.2 Aims 

The aims of this chapter are: 

• Calculate drug dosages for patients by pathway and randomisations on four paediatric 

clinical trials. 

 

• Develop a novel dose intensity score from these drug dosages to compare the actual 

treatment intensity of multi-agent chemotherapy regimens across the trials without 

the need for a baseline regimen. 

 

• Identify optimal treatment elements for good risk genetic subgroups that ensure 

minimal treatment intensity whilst maintaining excellent outcomes. 

4.3 Methods 

4.3.1 Calculation of drug dosages  

Individual daily drug dosages prescribed in mg/m2 (and iu/m2 for asparaginase preparations) 

were mapped in a dataframe for each possible treatment pathway on the paediatric clinical 

trials considered in this thesis.  

Cumulative drug dosage by treatment phase (e.g. induction, delayed intensification, 

maintenance, etc.) was calculated by multiplying the daily doses by the number of 

administrations specified per treatment phase by the protocol. Dexamethasone and 

prednisolone were grouped as steroids with dexamethasone doses multiplied by 6.7 to 
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account for its greater anti-leukaemic effect (Østergaard et al., 2024). The purines: 6-

mercaptopurine and 6-thioguanine were grouped at a 1:1 ratio. The different administrations 

of methotrexate were grouped with intrathecal methotrexate multiplied by 1.7 to account 

for its paradoxical increased systemic exposure compared with oral administration (Bostrom, 

Erdmann and Kamen, 2003; Bleyer, Nelson and Kamen, 1997; Kose et al., 2009; Finkelstein et 

al., 2005; Heilmann et al., 2023). Doses of different asparaginase preparations were 

converted to pegylated L-asparaginase based on conversions specified in the appendices of 

the trial protocols. Patients were assumed to receive the dose stated in the protocol unless 

information about deviations was available. Patients on UKALL97/99, UKALL2003, and 

UKALL2011 receiving Capizzi interim maintenance on regimen C were scheduled for escalating 

methotrexate and had their dose increased by 50mg/m2 to toxicity from a starting dose of 

100mg/m2 for 5 doses resulting in a total possible dose of 300mg/m2. For calculating the dose 

intensity scores, patients were randomly fitted along a Normal distribution within this range 

as information of actual dose received was unavailable, and it was assumed that the majority 

of patients would achieve at least some escalation, with few reaching the highest possible 

dose and few remaining at the starting dose. Thus, a Normal distribution would approximately 

model this effect. Similarly, for UKALLXI92 and UKALL97, maintenance purine doses were 

escalated by 25% every four weeks if the previous dose was tolerated and was adjusted 

upwards or downwards throughout therapy based on toxicity. Again, random values following 

a Normal distribution within the range were assigned to patients for calculating the dose 

intensity score as actual doses were unavailable. Intrathecal methotrexate dosage was 

assigned based on three possible age groups: <2, 2, or ≥3 years old. These data were used to 

calculate both the dose intensity and relative dose intensity scores as outlined in Sections 

4.3.2 and 4.3.3 

For the area under the curve dose intensity score, the daily drug dosages dataframe was used. 

The calculation for this is outlined in Section 4.3.4. The same steps as above were taken in 

regards to the grouping of the data, conversions of asparaginase preparations, and 

assumption of received dose. However, unlike the calculation of drug dosage by treatment 

phase, for the drugs which were prescribed in escalating doses, it was assumed the maximum 

dose (300mg/ m2) had been achieved for methotrexate and that the standard dose (75mg/m2) 

was maintained for purine in all patients. Etoposide was only prescribed for patients on 
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UKALLXI92 and UKALL97, doxorubicin wasn’t prescribed until UKALL97/99, and daunorubicin 

wasn’t given to patients assigned to regimen A on any trial and in these instances, the rows 

were kept blank in the dataframe to denote this. 

Patients who received radiotherapy as their CNS treatment were excluded from the 

calculation and analysis of dose intensity, as this was performed only in patients who received 

chemotherapy alone as their treatment. Total therapy ran for 100 weeks on UKALLXI92, 105 

weeks on UKALL97, and 2 years or 3 years from the start of interim maintenance 1 for girls or 

boys respectively on UKALL97/99, UKALL2003, and UKALL2011. 

4.3.2 Calculation of the dose intensity score 

The dose intensity score was calculated using a modified method of that described by Hryniuk 

et al. for each individual treatment phase and overall treatment as described below and 

exemplified in Table 34 (Hryniuk and Bush, 1984). 

Step 1. The cumulative drug dose by phase for each drug was calculated as described in 

Section 4.3.1. 

       Step 2. These cumulative dosages for each drug in the phase were then added together. 

Step 3. This was then divided by the number of weeks in the phase. 

Step 4. For the dose intensity score at each phase, the above value was divided by the 

number of drugs given at each phase.  

Step 5. To get a dose intensity score for the complete protocol, the phase dose intensity 

scores were added together. 

Initial drug dosages Step 1 Step 2 Step 3 Step 4 Step 5 

Induction Phase (4 weeks) 

26.42 + 20.52 

= 46.94 

Steroid = 10mg/m2 

Methotrexate = 17mg/m2 

Vincristine = 1.5mg/m2 

Steroid = 10*28 

Meth = 17*2 

Vin = 1.5*2  

280 + 34 + 3 = 

317 

317/4 = 

79.25 

7.125/3 = 

26.42 

Consolidation Phase (8 weeks) 

Steroid = 28mg/m2 

Methotrexate = 37mg/m2 

Vincristine = 6mg/m2 

Steroid = 28*15 

Meth = 17*4 

Vin = 1.5*3 

420 + 68 + 4.5 

= 492.5 

492.5/8 

= 61.563 

8.25/3 = 

20.52 
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Table 34. Simple example of process used to calculate the dose intensity score. Meth: 

methotrexate, vin: vincristine. 

 

4.3.3 Calculation of the relative dose intensity score  

The relative dose intensity score was calculated in the same manner as the dose intensity 

score in Section 4.3.2 with the addition of a step between steps 1 and 2 (named step 1.5) in 

which the cumulative drug dose is divided by the smallest cumulative dose of that drug given 

on any of the treatment pathways. This results in the lowest cumulative dose having a value 

of 1 and every other cumulative dose being a value relative to that baseline dosage. This 

process is outlined below. 

Step 1. The cumulative drug dose by phase for each drug was calculated as described in 

Section 4.3.1. 

Step 1.5. Divide the cumulative drug dose by the minimum cumulative dose of that drug. 

Step 2. These cumulative dosages for each drug in the phase were then added together. 

Step 3. This was then divided by the number of weeks in the phase. 

Step 4. For the dose intensity score at each phase, the above value was divided by the 

number of drugs given at each phase.  

Step 5. To get a dose intensity score for the complete protocol, the phase dose intensity 

scores were added together. 

4.3.4 Calculation of the area under the curve dose intensity score  

The calculation for the area under the curve dose intensity score was adopted from Allgoewer 

et al. which present the calculation of the area under the curve using the trapezoid rule as a 

way to study participants’ trajectories (Allgoewer et al., 2018). Cumulative daily drug dosages 

were calculated for each pathway on the aforementioned trials from the daily drug dosages 

table described in Section 4.3.1, and these values were plotted to produce a curve. This curve 

was then split into n trapezoid shapes, where n is the number of days in each pathway, and 

the area of those trapezoid shapes is calculated using the formula for the area of a trapezoid. 

The AUC dose intensity score is then calculated by adding all of the trapezoid shape areas 

together to get a total area of the whole curve. This process is illustrated in Figure 41. 
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Figure 41. The process of calculating the area under the curve using the trapezoid rule. AUC: 

area under the curve. 

 

4.4 Results 

There is evidence in the literature that it is possible to safely reduce treatment intensity for 

patients with good risk genetics (Østergaard et al., 2024). Findings from Chapter 3 also 

support this, as patients receiving 1 delayed intensification had optimal outcomes in both 

genetic subgroups. Due to the optimal outcomes seen on UKALL clinical trials for these 

patients, one can assume there exists an optimal treatment pathway within them that 

minimises intensity but maintains high cure rates. Studies have shown that drug doses can be 

used to determine intensity of treatment. Thus, in order to compare intensity of these 



 

124 

 

pathways, drug dosages were calculated and dose intensity scores developed to identify the 

optimal pathway for cure of ETV6::RUNX1 and high hyperdiploidy patients. 

4.4.1 Daily drug dosages for UKALLXI92, UKALL97, UKALL97/99, UKALL2003 and UKALL2011 

A dataframe was created of the daily doses of the drugs given for each treatment pathway on 

the trials spanning the full treatment period. A heatmap for a selection of the treatment 

pathways is presented in Figure 42 which encompasses the possible variation seen on all the 

pathways. Data are presented for the 10 chemotherapeutic drugs administered on the 

protocols which are: steroid, vincristine, L-asparaginase, methotrexate, daunorubicin, 

etoposide, cytarabine, purine, cyclophosphamide, and doxorubicin. It is clear from the figure 

that there were major changes to treatment protocols between UKALL97 and UKALL97/99. 

UKALLXI92 and UKALL97 show similarities in dosage and timings of the administration overall, 

whilst the timings for each regimen on UKALL97/99, UKALL2003, and UKALL2011 are also 

largely similar to one another. This could partly explain the difference in outcome seen 

between these two groups in chapter 3. It is clear that these data are complex and not readily 

interpretable with regard to treatment intensity in this format. A method that encompasses 

all of these data into a single metric is required for any sort of meaningful analyses, hence the 

development of a dose intensity score was sought.  
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4.4.2 Dose intensity 

The dose intensity scores for 5,880 patients were calculated using the method described in 

Section 4.3.2. Patients were grouped by pathway to compare intensity score, where the mean 

of the score was used due to variations in dosages for patients resulting in multiple scores for 

one pathway [Supplementary Table 1]. These variations included different intrathecal 

methotrexate doses by age and escalating dosages of methotrexate and purine. There is 

currently no official method to compare the intensity of treatment pathways on different 

clinical trials. However, it is possible to compare the calculated dose intensity score with prior 

knowledge of intensities of pathways within an individual protocol. For example, it is apparent 

that pathways randomised to receive an additional intensification block would be more 

intensive than their counterparts. Thus, patients on UKALL2003 randomised to receive 1 DI 

should have a lower DIS than those randomised to receive 2 DIs. Furthermore, it is clear that 

the regimens on the latter trials have an ordering of intensity of A, B, and C from least to most 

intensive by design. Additionally, pathways that received high dose methotrexate for their 

consolidation therapy were more intensive than those that received intrathecal 

methotrexate. Finally, as girls received one year less of therapy than boys, it is to be assumed 

that the pathways for girls should always be assigned a lower score than the equivalent 

pathways for boys. 

4.4.2.1 Dose intensity score 

Using the above criteria, it was clear that the dose intensity score initially calculated was 

unsuccessful at determining the intensity of pathways. Whilst many of the UKALL2011 and 

UKALL2003 pathways were low on the scale and the high dose methotrexate pathways were 

near the top, regimen C was reported to be less intensive than the groups that received 2 DIs 

on regimens A and B within UKALL2003. Furthermore, within UKALL97/99, regimen B was 

determined to be more intensive than regimen C [Figure 43, Supplementary Table 1].  

The hypothesis to explain the lack of success of this score was that there was such large 

variation in the baseline doses for each drug that a single additional administration of a drug 

with a large baseline dose (e.g. 200mg/m2) could impact the score much more significantly 

than another with a lower baseline dose (e.g. 1.5mg/m2) and thus skew the overall dose 

intensity score. A proposed solution to this issue was to calculate a dose intensity score in 
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which the relative doses of each drug (where the minimum dose of each drug is used as the 

baseline) are used in the formula. The results of this are given in Section 4.4.2.2. 

 

Figure 43. Bar chart of the dose intensity score for each pathway clustered by trial. 

 

4.4.2.2 Relative dose intensity score 

The same criteria as described in Section 4.4.2 were used to determine the accuracy of the 

relative dose intensity score. The range in mean values assigned to pathways by the relative 

score was 5.895517 – 111.104, which is a difference of 105.20848 in intensity; largely being 

driven by the stark difference in scores determined for the high dose methotrexate pathways 

and those receiving intrathecal methotrexate [Figure 44, Supplementary Table 1]. As 

expected, every pathway that received one delayed intensification had a lower dose intensity 

score than those receiving two delayed intensifications. Additionally, all of the high dose 

methotrexate pathways (administered in trials UKALLXI92, UKALL97, and UKALL2011) had the 

highest values as they received methotrexate doses in g/m2, a great deal larger than the doses 

of other drugs and regular methotrexate doses that were typically given in mg/m2. 

Furthermore, for each trial the regimens were ordered as regimen A, B and C from least to 

most intensive, and the pathways for additional intensifications were determined to be more 

intensive than their counterparts with fewer intensification blocks. For certain treatments, 

the pathway for girls was determined to be more intensive than the pathway for boys by 

mean score, however, this difference was always marginal (> 0.061) and likely due to 

differences in the age of patients affecting intrathecal methotrexate dose or random 



 

128 

 

assignment of escalating purine and methotrexate doses [Supplementary Table 1]. Therefore, 

initial analysis suggests that the hypothesis that relative doses were required in the model 

was true and the relative dose intensity score largely accurately determines intensity of 

treatment from drug dosages alone.    

 

Figure 44. Bar chart of the relative dose intensity score for each pathway clustered by trial. 

 

To determine if there was a difference in outcome by intensity of treatment, the relative dose 

intensity score was split into quartiles based on the full scale of values for all 5,880 patients 

for which it was calculated. This resulted in the groups: <8.48, 8.48 - 9.7506, 9.75061- 11.442, 

and ≥11.442. These four groups were deemed very low, low, intermediate, and high intensity 

respectively. This was done to compare the treatment arms that were considered very low 

intensity to the higher intensities directly rather than by a unit increase of intensity which 

does not provide information regarding optimal treatment elements. Furthermore, 5-year 

survival rates of the groups can be compared with this method to easily determine if cure 

rates were affected by treatment intensity. The survival of both ETV6::RUNX1 and high 

hyperdiploidy patients were assessed by these groups.  

Within ETV6::RUNX1, the very low risk group had the best overall survival with 5-year survival 

rates of 99% (95% CI (97-99)) compared to 96% (95% CI (93-98)), 97% (95% CI (95-98)), and 

93% (95% CI (89-95)) for groups low, intermediate and high respectively. The difference in 

survival between the very low risk group and the low and high groups were significant with 

hazard ratios of 2.94, 95% CI (1.49-5.82), p = 0.002 and 3.59, 95% CI (1.79-7.23), p < 0.001 
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respectively. There was no difference in survival between the very low and intermediate 

group, nor the low and high groups (p = 0.179 and p = 0.481). The survival of the groups was 

not ordered by intensity as the intermediate group had better overall survival than the low 

group [Figure 45].  

 

Figure 45. Overall survival of ETV6::RUNX1 patients by relative dose intensity score quartile 

groups. 

 

In terms of event-free survival, the outlook is very similar, with the very low intensity group 

once again having the best rates, followed closely by the intermediate group and then the 

low and high intensity groups. As shown in Figure 46, there is a more pronounced difference 

between the low and high groups demonstrated by the respective 5-year survival rates of 87% 

(95% CI (83-90)) and 81% (95% CI (76-85)). There was a significant difference in outcome for 

groups low and high when compared to the very low intensity group (HR: 1.84, 95% CI (1.24-

2.74), p = 0.003 and log-rank p-value < 0.001), whereas the intermediate group had no 

increase in risk (HR: 1.13, 95% CI (0.75-1.72), p = 0.560). 
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Figure 46. Event-free survival of ETV6::RUNX1 patients by relative dose intensity score split 

into quartiles. 

 

Survival analysis was performed within each trial as well as by NCI risk group to determine if 

the difference in cure rates by dose intensity quartiles were still evident within these 

subgroups. Statistics are only reported for groups with 10 or more patients to ensure strong 

statistical power and reliable findings. Log-rank p-values are presented in place of a hazard 

ratio if the Cox proportional hazards assumption was violated. Distribution of cases by trial 

and NCI risk across the relative dose intensity score quartiles were also assessed. 

Distribution of cases by trial in the ETV6::RUNX1 subgroup are presented in Table 35. As 

expected, the very low intensity group is mostly comprised of UKALL2003 and UKALL2011 

patients (50% and 48% respectively), however there are also a large proportion of UKALL2003 

patients within the low and intermediate intensity groups, whilst UKALL2011 patients are 

almost exclusively split between the very low and high intensity groups. The UKALLXI92, 

UKALL97, and UKALL97/99 patients are largely present in the low, intermediate, and high 



 

131 

 

intensity groups with the UKALL97 and UKALL97/99 patients predominantly being assigned 

as intermediate risk.    

 Very low Low Intermediate High 

Total, n(%) 528 (33) 372 (23) 433 (27) 250 (16) 

Trial 

UKALLXI92 9 (2) 50 (13) 0 (0) 64 (26) 

UKALL97 0 (0) 38 (10) 102 (24) 20 (8) 

UKALL97/99 2 (0.38) 94 (25) 91 (21) 5 (2) 

UKALL2003 266 (50) 175 (47) 238 (54) 59 (24) 

UKALL2011 251 (48) 15 (4) 2 (0.46) 102 (41) 

Table 35. Distribution of ETV6::RUNX1 cases by trial for the four relative dose intensity score 

groups. Pearson’s χ2 < 0.001 

 

Table 36 shows the distribution of cases by NCI risk in the ETV6::RUNX1 subgroup. 

Interestingly, the proportion of patients by NCI group is identical in the low and intermediate 

group, whilst there are proportionally fewer NCI good risk patients in the very low and high 

intensity groups. It is clear that the majority of NCI good risk patients were assigned to the 

very low group and the fewest to the high intensity group, however the inverse is not seen in 

the NCI poor risk group which also had the majority of patients assigned to the very low risk. 

This suggests that any differences seen in outcome due to the relative dose intensity score 

groups is not being driven by NCI risk.   

 Very low Low Intermediate High 

Total 528 (33) 372 (23) 433 (27) 250 (16) 

NCI Risk 

NCI Good risk 404 (77) 309 (83) 359 (83) 162 (65) 

NCI Poor risk 124 (23) 63 (17) 74 (17) 88 (35) 

Table 36. Distribution of ETV6::RUNX1 cases by NCI risk for the four relative dose intensity 

score groups. Pearson’s χ2 < 0.001 

 



 

132 

 

There was no statistically significant difference in cure rates across the 4 quartile intensity 

groups in any of the trials for ETV6::RUNX1 patients [Table 37].  Whilst not significant, cure 

rates increased with dose intensity within UKALLXI92, whilst the opposite was generally seen 

within the other trials, with the very low intensity group having the highest cure rates, as was 

seen in the overall analysis.   

  Very low Low Intermediate High 

5-year overall survival rates (95% CI) 

UKALLXI92 - 92% (80-97) - 94% (84-98) 

UKALL97 - 100% 96% (90-99) 90% (66-97) 

UKALL97/99 - 98% (92-99) 97% (90-99) - 

UKALL2003 99% (97-99.8) 96% (92-98) 96% (92-98) 95% (85-98) 

UKALL2011 98% (96-99) 93% (61-99) - 96% (90-99) 

Hazard ratio (95% CI), p 

UKALLXI92 - 
1.34 (0.50-3.56), 

p = 0.562 
- 1 

UKALL97 - - 
0.71 (0.15-3.45), 

p = 0.671 
1 

UKALL97/99 - 
1.94 (0.48-7.74), 

p = 0.350 
1 - 

UKALL2003 
0.44 (0.11-1.76), 

p = 0.247 

1.26 (0.35-4.50), 

p = 0.726 

0.84 (0.23-3.04), 

p = 0.787 
1 

UKALL2011 
0.52 (0.14-1.92), 

p = 0.323 

1.63 (0.18-14.63), 

p = 0.660 
- 1 

Table 37. 5-year overall survival rates and hazard ratios of ETV6::RUNX1 patients by relative 

dose intensity score within the trials.  

 

Within NCI risk the same trend as trial can be seen, with 5-year OS rates generally increasing 

as the dose intensity decreases. However, this difference is once again not significant in the 

NCI good risk group and largely insignificant in the NCI poor risk group [Table 38]. There was 
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a significantly reduced hazard in the very low intensity group compared to the high intensity 

group in the NCI poor risk subgroup however (HR: 0.28, 95% CI (0.09-0.90), p = 0.033). 

  Very low Low Intermediate High 

5-year overall survival rates (95% CI) 

NCI Good risk 98% (96-99) 97% (94-98) 97% (95-98) 96% (92-98) 

NCI Poor Risk 98% (94-99.6) 94% (84-98) 91% (81-95) 90% (81-95) 

Hazard ratio (95% CI), p 

NCI Good risk 
0.51 (0.21-1.24), 

p = 0.21 

1.07 (0.49-2.35), 

p = 0.870 

0.60 (0.25-1.39), 

p = 0.233 
1 

NCI Poor Risk 
0.28 (0.09-0.90), 

p = 0.033 

0.96 (0.37-2.52), 

p = 0.935 

0.82 (0.31-2.17), 

p = 0.696 
1 

Table 38. 5-year overall survival rates and hazard ratios of ETV6::RUNX1 patients by relative 

dose intensity score within the NCI risk groups.  

 

As with overall survival, there is no difference in outcome between the intensity groups within 

any of the trials when looking at event-free survival. Whilst there was a general improvement 

in 5-year EFS rates as the intensity decreased, it was not as pronounced as in OS, with 

UKALL97/99 patients having the best rates in the intermediate intensity group and the 

UKALL2011 patients having superior rates in the low intensity group. However, these 

differences were minimal and non-significant as evidenced by the hazard ratios in Table 39. 
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  Very low Low Intermediate High 

5-year event-free survival rates (95% CI) 

UKALLXI92 - 64% (49-76) - 64% (51-74) 

UKALL97 - 89% (74-96) 86% (78-92) 80% (78-92) 

UKALL97/99 - 91% (84-96) 93% (86-97) - 

UKALL2003 95% (92-97) 91% (86-95) 94% (90-96) 90% (79-95) 

UKALL2011 92% (88-95) 93% (61-99) - 90% (82-95) 

Hazard ratio (95% CI), p 

UKALLXI92 - 
0.87 (0.48-1.59), 

p = 0.658 
- 1 

UKALL97 - p = 0.948 
0.85 (0.29-2.51), 

p = 0.766 
1 

UKALL97/99 - 
1.09 (0.42-2.83), 

p = 0.856 
1 - 

UKALL2003 
0.57 (0.24-1.36), 

p = 0.201 

0.88 (0.37-2.11), 

p = 0.776 

0.67 (0.28-1.59), 

p = 0.363 
1 

UKALL2011 
0.94 (0.45-1.98), 

p = 0.877 

0.63 (0.08-4.96), 

p = 0.665 
- 1 

Table 39. 5-year event-free survival rates and hazard ratios of ETV6::RUNX1 patients by 

relative dose intensity score within the trials.  

 

For both NCI good and poor risk patients, the very low and intermediate intensity groups have 

significantly better event-free survival than the high intensity group, whilst the low intensity 

group had comparable rates as was seen in the overall analysis [Table 40]. Whilst not 

significant, there was a more pronounced difference in 5-year EFS rates between the high and 

low intensity groups in the NCI poor risk patients than the NCI good risk patients (74% vs 86% 

and 86% vs 88% respectively). 
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 Very low Low Intermediate High 

5-year event-free survival rates (95% CI) 

NCI Good risk 93% (90-95) 88% (84-91) 93% (89-95) 86% (79-90) 

NCI Poor Risk 92% (85-96) 86% (74-92) 89% (80-94) 74% (63-82) 

Hazard ratio (95% CI), p 

NCI Good risk 
0.51 (0.31-0.85), 

p = 0.010 

0.87 (0.54-1.41), 

p = 0.578 

0.55 (0.33-0.91), 

p = 0.021 
1 

NCI Poor Risk 
0.38 (0.20-0.74), 

p = 0.004 

0.48 (0.22-1.04), 

p = 0.062 

0.46 (0.22-0.96), 

p = 0.040 
1 

Table 40. 5-year event-free survival rates and hazard ratios of ETV6::RUNX1 patients by 

relative dose intensity score within the NCI risk groups.  

 

The proportion of specific outcomes were compared across the intensity groups within 

ETV6::RUNX1 to determine which type of event was prevalent in each group [Table 41]. The 

aim of this was to test the hypothesis that there would be fewer remission deaths in the lower 

intensity groups due to less toxicity and fewer relapses in the higher intensity groups due to 

more treatment. However, whilst there was a difference in the distribution (p < 0.001 by 

Pearson χ2 test), there is no evidence of a association between lesser intensity and fewer 

remission deaths, nor increased intensity and fewer relapses. 

 Total Very low Low Intermediate High 

Outcomes 

Continuing remission 1387 (88) 470 (92) 303 (85) 403 (90) 211 (79) 

Died in remission 19 (1) 5 (1) 3 (1) 7 (2) 4 (2) 

Relapse/ refractory 2nd rem 115 (7) 30 (6) 27 (8) 26 (6) 32 (12) 

Relapse/ refractory death 62 (4) 7 (1) 24 (7) 12 (3) 19 (7) 

Table 41. The frequency and proportion of outcomes by relative dose intensity score groups 

for ETV6::RUNX1 patients. Pearson χ2 < 0.001. 

 

Within the high hyperdiploidy subgroup, the very low intensity group had significantly better 

overall survival when compared to the low, intermediate and high intensity groups with log-

rank p-values: p = 0.0184, p = 0.0012, and p = 0.0329 respectively. The low intensity group 

had a 5-year survival rate of 98% (95% CI (96-99)) compared to ~94% for the other groups 
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[Figure 47]. There was no significant difference in survival between the other three groups 

with p > 0.2 by log-rank test for all comparisons. Again, there wasn’t the expected correlation 

between survival and intensity as the low and intermediate groups had practically identical 

survival rates.  

 

Figure 47. Overall survival of high hyperdiploidy patients by relative dose intensity score 

split into quartiles. 

 

5-year survival rates were also superior for the very low intensity group in the event-free 

setting for high hyperdiploidy patients, at 92% (95% CI (90-94)) compared to 84%, 87%, and 

81% in the low, intermediate and high groups respectively [Figure 48]. This difference was 

significant with hazard ratios of 2.12 (p < 0.001), 1.65 (p = 0.007), and 2.43 (p < 0.001) when 

compared to each group in order. The high intensity group also had inferior survival when 

compared to the intermediate risk group (HR: 1.48, 95% CI (1.11-1.96), p = 0.007) but there 

was no significant difference in survival between the intermediate and low intensity groups 



 

137 

 

(p = 0.087) or the low and high intensity groups (p = 0.281). Once again, the intermediate 

intensity group had better outcomes than the low intensity risk group. 

 

Figure 48. Event-free survival of high hyperdiploidy patients by relative dose intensity score 

split into quartiles. 

 

Distribution of cases by trial in the high hyperdiploidy subgroup are presented in Table 42. 

Similarly to ETV6::RUNX1 patients, the very low intensity group is mostly comprised of 

UKALL2003 and UKALL2011 patients, with a similar number of UKALL2003 patients assigned 

to the 3 lower intensity groups. The UKALL2011 patients are again primarily split between the 

very low and high intensity groups, which is due to the presence or absence of high dose 

methotrexate in the treatment arms. The same pattern seen in the ETV6::RUNX1 subgroup 

for the UKALLXI92, UKALL97, and UKALL97/99 patients is evident in high hyperdiploidy 

patients, with the majority of UKALL97 and UKALL97/99 patients stratified to the low and 

intermediate intensity groups, and most UKALLXI92 patients assigned to the low and high 

intensity groups.  
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 Very low Low Intermediate High 

Total, n(%) 551 (24) 626 (28) 561 (25) 517 (23) 

Trial 

UKALLXI92 43 (8) 141 (23) 0 (0) 189 (37) 

UKALL97 2 (0.36) 91 (15) 144 (25) 25 (5) 

UKALL97/99 6 (1) 134 (21) 120 (21) 4 (1) 

UKALL2003 219 (40) 241 (39) 283 (50) 130 (25) 

UKALL2011 281 (51) 19 (3) 14 (3) 169 (33) 

Table 42. Distribution of high hyperdiploidy cases by trial for the four relative dose intensity 

score groups. Pearson’s χ2 < 0.001 

 

Distribution of cases by NCI risk in the high hyperdiploidy subgroup are presented in Table 43. 

Unlike in the ETV6::RUNX1 patients, the proportion of NCI poor risk cases generally increases 

as the intensity increases. This could suggest that the superior outcome seen in the very low 

dose intensity group could be due to the high proportion of NCI good risk patients; however, 

the low intensity group which has the largest amount of NCI good risk patients, both in terms 

of numbers and proportion, has the second most inferior outcomes contradicting this notion. 

 Very low Low Intermediate High 

Total 551 (24) 626 (28) 561 (25) 517 (23) 

NCI Risk 

NCI Good risk 458 (83) 545 (87) 438 (78) 362 (70) 

NCI Poor risk 93 (17) 81 (13) 123 (22) 155 (30) 

Table 43. Distribution of high hyperdiploidy cases by NCI risk for the four relative dose 

intensity score groups. Pearson’s χ2 < 0.001 

 

When comparing these groups within the trials, there was once again a mostly negative 

association between dose intensity and cure rates, with overall survival improving with 

decreasing intensity in UKALLXI92 and UKALL2003 as well as stable rates in UKALL97/99. Cure 

rates largely increased in UKALL97, however the intermediate intensity group had marginally 

better OS at 5-years than the low intensity group. In UKALL2011, the high intensity and very 
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low intensity groups had comparable rates, as did the low and intermediate intensity groups. 

However, none of these differences by dose intensity groups within the trials were significant 

for high hyperdiploidy patients [Table 44]. The exception to this was in UKALL2003, where the 

very low intensity group had a significantly improved outcome compared to the high risk 

group (log-rank p-value = 0.01). 

  Very low Low Intermediate High 

5-year overall survival rates (95% CI) 

UKALLXI92 93% (80-98) 91% (85-95) - 89% (84-93) 

UKALL97 - 92% (85-96) 94% (88-97) 88% (67-96) 

UKALL97/99 - 96% (90-98) 96% (90-98) - 

UKALL2003 99% (96-99.8) 96% (92-98) 94% (90-96) 92% (86-96) 

UKALL2011 97% (94-99) 94% (63-99) 93% (59-99) 98% (94-99) 

Hazard ratio (95% CI), p 

UKALLXI92 
0.64 (0.23-1.84), 

p = 0.410 

1.07 (0.61-1.88), 

p = 0.811 
- 1 

UKALL97 - 
0.66 (0.21-2.10), 

p =0.478 

0.50 (0.16-1.56), 

p = 0.235 
1 

UKALL97/99 - 
0.73 (0.29-1.85), 

p = 0.509 
1 - 

UKALL2003 p = 0.01 
0.58 (0.26-1.26), 

p = 0.168 

0.81 (0.40-1.64), 

p = 0.553 
1 

UKALL2011 
2.43 (0.68-8.60), 

p = 0.170 

3.21 (0.33-30.90), 

p = 0.312 
- 1 

Table 44. 5-year overall survival rates and hazard ratios of high hyperdiploidy patients by 

relative dose intensity score within the trials.  

 

There was no significant difference in overall survival by dose intensity group in either NCI 

good or poor risk subgroups. The NCI good risk patients had 5-year OS rates of ~95% in all 

intensity groups [Table 45]. In the NCI poor risk subgroup, patients had OS rates of ~88% in 

the high, intermediate, and low intensity groups and a superior survival of 97% in the very 
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low intensity group. The difference between the high and very low group wasn’t significant 

however with a hazard ratio of 0.38, 95% CI (0.13-1.14), p = 0.086.  

 Very low Low Intermediate High 

5-year overall survival rates (95% CI) 

NCI Good risk 98% (96-99) 95% (93-96) 96% (94-98) 94% (91-96) 

NCI Poor Risk 97% (90-99) 89% (80-94) 87% (80-92) 89% (83-93) 

Hazard ratio (95% CI), p 

NCI Good risk 
Log-rank p-value 

= 0.123 

0.90 (0.56-1.43), 

p = 0.654 

0.65 (0.38-1.10), 

p = 0.110 
1 

NCI Poor Risk 
0.38 (0.13-1.14), 

p = 0.086 

1.18 (0.55-2.53), 

p = 0.662 

1.42 (0.74-2.72), 

p = 0.298 
1 

Table 45. 5-year overall survival rates and hazard ratios of high hyperdiploidy patients by 

relative dose intensity score within the NCI risk groups. The log-rank p-value is given in 

instances where the proportional hazards assumption was violated.  

 

When comparing the event-free survival of the intensity groups within the trials, there were 

no significant differences, with the exception of UKALL2003. 5-year EFS rates improved as the 

intensity decreased, and the outcomes were significantly better in the low and very low 

intensity groups with p-values of 0.046 and 0.001 respectively [Table 46]. In UKALLXI92, the 

very low intensity group had inferior 5-year EFS rates than the high intensity group, however 

this difference wasn’t significant with a hazard ratio of 1.24, 95% CI (0.73-2.12), p = 0.426.  
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  Very low Low Intermediate High 

5-year event-free survival rates (95% CI) 

UKALLXI92 65% (49-77) 70% (62-77) - 70% (63-76) 

UKALL97 - 84% (74-90) 86% (79-91) 80% (58-91) 

UKALL97/99 - 87% (80-92) 83% (75-89) - 

UKALL2003 96% (93-98) 92% (88-95) 89% (84-92) 86% (79-91) 

UKALL2011 90% (86-93) 78% (51-91) 85% (52-96) 90% (85-94) 

Hazard ratio (95% CI), p 

UKALLXI92 
1.24 (0.73-2.12), 

p = 0.426 

0.94 (0.64-1.37),   

p = 0.732 
- 1 

UKALL97 - - 
0.81 (0.31-2.11), 

p = 0.660 
1 

UKALL97/99 - 
0.72 (0.39-1.34),   

p = 0.299 
1 - 

UKALL2003 
Log-rank p-value 

= 0.001 

0.54 (0.30-0.99),   

p = 0.046 

0.73 (0.43-1.27), 

p = 0.267 
1 

UKALL2011 
0.52 (0.14-1.92), 

p = 0.323 

1.63 (0.18-14.63), 

p = 0.660 
- 1 

Table 46. 5-year event-free survival rates and hazard ratios of high hyperdiploidy patients 

by relative dose intensity score within the trials. The log-rank p-value is given in instances 

where the proportional hazards assumption was violated. 

 

Within both NCI risk groups, there was no significant difference in the event-free survival of 

the high and low intensity groups for high hyperdiploidy patients [Table 47]. In the NCI good 

risk subgroup, the very low and intermediate groups had significantly better EFS rates than 

the high risk group with hazard ratios of 0.49, 95% CI (0.34 – 0.72), p < 0.002 and 0.68, 95% CI 

(0.48 – 0.96), p = 0.027 respectively. This was also seen in the analysis of the intensity groups 

overall.   
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 Very low Low Intermediate High 

5-year event-free survival rates (95% CI) 

NCI Good risk 91% (88-94) 85% (82-88) 88% (85-91) 83% (79-87) 

NCI Poor Risk 87% (78-92) 81% (71-88) 82% (74-88) 77% (69-83) 

Hazard ratio (95% CI), p 

NCI Good risk 
0.49 (0.34-0.72), 

p < 0.001 

0.85 (0.62-1.16), 

p = 0.315 

0.68 (0.48-0.96), 

p = 0.027 
1 

NCI Poor Risk 
0.59 (0.32-1.08), 

p = 0.089 

0.75 (0.42-1.35), 

p = 0.342 

0.75 (0.44-1.26), 

p =0.274 
1 

Table 47. 5-year event-free survival rates and hazard ratios of high hyperdiploidy patients 

by relative dose intensity score within the NCI risk groups.  

 

For high hyperdiploidy, the proportion of specific outcomes were again compared across the 

intensity groups to determine which type of event was prevalent in each group [Table 48]. 

There was a difference in the distribution (p = 0.002 by Pearson χ2 test), however this 

difference was not driven by any specific association between intensity and outcome, as the 

low and high intensity groups had similar proportions of relapse (as did the very low and 

intermediate groups), and there was no evidence of a difference in the proportion of 

remission deaths. 

 Total Very low Low Intermediate High 

Outcomes 

Continuing remission 1905 (84) 455 (91) 516 (82) 479 (86) 455 (80) 

Died in remission 30 (1) 2 (0.4) 9 (1) 10 (2) 9 (2) 

Relapse/ refractory 2nd rem 183 (8) 24 (5) 64 (10) 36 (6) 59 (10) 

Relapse/ refractory death 137 (6) 17 (3) 44 (7) 32 (6) 44 (8) 

Table 48. The frequency and proportion of outcomes by relative dose intensity score groups 

for high hyperdiploidy patients. Pearson χ2 = 0.002. 

 

Whilst the relative dose intensity score met the criteria proposed to determine its 

functionality, there is no way to ascertain the true accuracy of the scores assigned by this 

model. As such, an alternative method of calculating the intensity of treatment using an area 
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under the curve method, proposed by Allgoewer et al., was explored to compare the findings 

of both metrics. 

4.4.2.3. Area under the curve dose intensity score 

The functionality of the area under the curve dose intensity score was assessed. According to 

this score, the addition of pulses during maintenance in UKALL2011 caused a larger difference 

in intensity compared to the patients who didn’t receive pulses, than the difference in 

intensity seen between regimens A and C on this same trial [Figure 49]. It is unclear if the 

intensity of low level maintenance therapy for a year is more than that of the higher intensity 

treatment elements such as high dose methotrexate that are given for a much shorter period 

and thus, it isn’t possible to determine the functionality of the area under the curve dose 

intensity score method from this information alone. However, this score suggests that for 

patients on regimen A of UKALL2003, receiving one delayed intensification was more 

intensive than receiving two delayed intensifications – a finding which is known to be false. 

For this score, almost every pathway for the girls is ranked below every pathway for the boys 

[Supplementary Table 1]. This is because the curves are longer for the boys due to an 

additional year of maintenance therapy, which has a great effect on the score when this 

method of calculation is used. Therefore, it appears that the area under the curve dose 

intensity score was not able to successfully determine the intensity of treatment for ALL 

patients based on drug dosages alone.  

 

Figure 49. Bar chart of the area under the curve dose intensity score for each pathway 

clustered by trial.  
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4.5 Discussion 

In summary, this chapter presents the drug dosage data for four paediatric UK clinical trials – 

data that were previously unavailable, and assesses the functionality of three different 

methods for calculating a dose intensity score. The analysis performed in this chapter 

identified an effective formula for calculating the intensity of treatment within paediatric ALL. 

It also determined that intensity of treatment was largely prognostic within these patients, 

with a negative correlation between intensity and outcome. 

Within the context of these data, the dose intensity score proposed by Hryniuk et al. and the 

area under the curve method adapted from Allgoewer et al. were unsuccessful at determining 

intensity of  treatment pathways. The dose intensity score likely failed as the differences in 

standard dosages for each drug varied immensely from 1.5mg/m2 in vincristine to 1000mg/m2 

for cyclophosphamide, before factoring in the 6 or 8g/m2 of methotrexate patients assigned 

to the high dose methotrexate arms received. Thus, if the standard doses of the drugs given 

during maintenance therapy were higher than those received during delayed intensifications 

for example, then this interruption would actually result in a lower intensity score overall – 

something known to be false. The area under the curve method can be affected by this same 

issue, as the total daily doses for the period of the delayed intensification would be smaller 

resulting in a lower curve and thus a smaller area – a matter which is avoided when using 

relative doses. Moreover, the additional year of therapy for boys on the latter trials affects 

the output of the area under the curve dose intensity score as the curve is longer overall 

resulting in a much larger area, which can surpass the area increase caused by known high 

intensity treatment elements such as delayed intensifications and HD-MTX. This issue is 

avoided in the method used to calculate the dose intensity score and relative dose intensity 

score as the values are divided by the number of weeks per phase, thus creating a weekly 

average score and lessening the effect of the increased maintenance length.  

Receiving high dose methotrexate during therapy was the most intensive form of treatment 

regardless of number of delayed intensifications or regimen, with patients receiving one 

delayed intensification and HDM interim maintenance on UKALL2011 ranking as more 

intensive than receiving two or three delayed intensifications and standard intrathecal 

methotrexate on any other trial. Furthermore, the very low intensity group had the best 

outcome in both overall and event-free survival for ETV6::RUNX1 and high hyperdiploidy 
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patients suggesting that the less intensive therapy is sufficient in these subgroups. Moreover, 

the HD-MTX treatment arms were all classified as high intensity – the group with the lowest 

survival rates. This suggests that high dose methotrexate is not necessary, and could 

potentially be negatively impacting survival in the good risk genetics subgroups, which 

corroborates the findings of Østergaard et al. who determined that HD-MTX and pulses of 

glucocorticoids and vincristine in maintenance were superfluous (Østergaard et al., 2024). 

The results also suggest that receiving only one intensification is sufficient in treatment of 

good risk genetic ALL subgroups. Therefore, future protocols should treat these patients with 

standard interim maintenance and one delayed intensification regardless of NCI risk.  

There was no correlation between relapse and treatment intensity, highlighting that low 

intensity treatment did not cause an increase in relapses within the good risk genetic 

subgroups [Tables 39 and 44]. This suggests that de-escalation is feasible within these 

populations. There was also no association found when analysing remission deaths and 

treatment intensity suggesting that no treatment pathway in this cohort was intensive 

enough to cause toxic death. This does not exclude the possibility of toxicities and long-term 

late effects caused by this treatment however, and thus de-escalated treatment should be 

standard for good risk patients. 

Outcomes in all end points for both subgroups seem to suggest that intensity of treatment 

according to the relative dose intensity score is prognostic, with the very low intensity group 

displaying the highest cure rates and event-free survival rates. This is further supported by 

the fact that, whilst not significant, there was a largely negative correlation between 

treatment intensity and survival within trials and NCI risk groups; thus demonstrating a 

prognostic effect independent from these factors.  

Although the relative dose intensity score appears to successfully determine intensity of 

patients across multiple trials, there is no method to determine the true accuracy of this 

score. Furthermore, whilst the doses of HDM-MTX given are much higher than the doses of 

other drugs administered, the effect this has on the relative dose intensity score (> 10 times 

score than their IT-MTX counterparts) is unlikely to reflect the actual intensity of these 

treatment pathways. Thus, it is possible that a more sophisticated method of assessing the 

effect of dose could accurately predict the outcome of patients. Therefore, the next stage of 
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this study was to apply machine learning methods to identify optimal dose for cure, which is 

the focus of chapter 5.   
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Chapter 5. Utilisation of machine learning methods to identify optimal 

treatment elements for ALL patients with good risk genetics 
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5.1 Introduction 

Research efforts in cancer focus largely on etiology and therapy, where the large 

accumulation of cancer-associated data are providing insights into the causes of cancer and 

the mechanisms involved in its progression; as well as the ability to develop and adapt 

treatment based on risk factors and response (Elmore et al., 2021; Sebastian and Peter, 2022). 

Until recently, traditional statistical methods have been the main approach to this research, 

with artificial intelligence largely restricted to computer vision tasks such as using imaging to 

diagnose malignancies (Elemento et al., 2021). However, thanks to technological advances 

and an increased digitisation of patient data through electronic health records, artificial 

intelligence and machine learning methods are emerging in cancer research, with a vast 

number of applications which are continually increasing (Sarker, 2021; Cuocolo et al., 2020). 

Some key areas of cancer research in which machine learning techniques have promising 

applications are in cancer detection, subtype classification, optimisation of treatment, and 

personalising therapy (Elemento et al., 2021).  

In terms of cancer detection and classification, deep neural networks have been utilised in 

multiple studies to distinguish cancer cells from healthy cells or determine specific cancer 

subtypes. For example, Ehteshami Bejnordi et al. were able to develop algorithms that 

accurately detect lymph node metastases in women with breast cancer with a comparable 

accuracy to pathologists (Ehteshami Bejnordi et al., 2017). Deep convolutional neural 

networks were used to discriminate between two subtypes of lung cancer, four biomarkers 

of bladder cancer, and five biomarkers of breast cancer, as well as accurately grade 

hepatocellular carcinoma nuclei (Khosravi et al., 2018; Li, Jiang and Pang, 2017). Another 

study was able to identify prostate cancer and distinguish it from other benign conditions 

(Wang et al., 2017). 

In several studies, machine learning methods have also been utilised with the aim of 

predicting patient survival. One study developed a machine learning based model to 

discriminate risk of patients with breast cancer based on mammograms and traditional risk 

factors (Yala et al., 2019). Through the use of machine learning algorithms on MRIs, tumour 

surface regularity was found to be independently prognostic in glioblastoma, whilst radiomic 

features were associated with progression-free survival in nasopharyngeal carcinoma (Pérez-

Beteta et al., 2018; Zhang et al., 2017). Furthermore, a deep learning method was shown to 
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outperform both the Cox proportional hazards model and the random survival forest 

algorithm in predicting survival of oral cancer patients, whilst a decision support system was 

able to predict the progression-free survival of breast cancer patients (Kim et al., 2019; 

Ferroni et al., 2019). 

Machine learning also has applications in therapy response and drug efficacy. Machine 

learning algorithms were employed to identify patients sensitive to a specific drug 

combination in treating colorectal cancer, and patient response to intra-arterial therapies of 

hepatocellular carcinoma were successfully predicted using a supervised learning approach 

(Lu et al., 2020; Abajian et al., 2018). Further studies assessing drug sensitivity were reviewed 

by Liang et al. which included studies predicting the drug sensitivity of patients with ovarian 

cancer, gastric cancer, and endometrial cancer, as well as studies assessing drug resistance in 

cancer (Liang et al., 2020).  

Finally, an area of research in which machine learning methods are gaining importance is that 

of calculating drug dosages and optimal drug combinations. Several studies have been 

published using methods such as linear regression, support vector machines, random forest, 

and convolutional neural networks (Banegas-Luna et al., 2021). However, the use of ML in 

this area remains limited and the use of these approaches in leukaemia still need to be 

addressed.  

Machine learning methodologies are employed in this chapter to predict outcome of patients 

based on drug dosages and treatment elements as an alternative approach to the traditional 

statistical methods explored in the previous chapters. These traditional statistical approaches 

had several limitations, largely due to the fact that these approaches cannot effectively 

capture complex relationships within data. As such, it was difficult to assess the effect of 

different treatment elements with these methods, as there was no way to determine if the 

difference in outcomes was due to one specific treatment element alone or as a result of a 

combination of elements. Furthermore, whilst the relative dose intensity score appeared to 

accurately calculate treatment intensity for patients, it could not account for interactions 

between drugs affecting overall intensity. The benefit of using machine learning for these 

tasks is that the algorithms have the ability to find statistical patterns in large, complex data 

and use these to make predictions that could not be easily explained or understood through 
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traditional statistics. Examples of this include the ML models utilised in this project, namely 

the decision tree, random forest, and XGBoost algorithms which are easily interpretable, 

presenting a clear understanding of how predictions are made compared to complicated 

multivariate models in traditional statistics. 

5.2 Aims 

The aims of this chapter are to: 

• Produce a machine learning algorithm which accurately predicts outcome of good 

risk genetics patients based on drug dosage. 

 

• Identify optimal treatment elements for good risk genetics patients based on the 

drug dosage thresholds defined by the machine learning algorithm. 

 

• Validate the findings of the relative dose intensity score. 

5.3 Methods 

Classification decision trees were utilised within both ETV6::RUNX1 and high hyperdiploidy 

data separately, with three different target variables considered. These variables were 

considered as they are the outcomes of interest for risk stratification of ALL. The first target 

variable was a 4-class outcome variable: continuing remission, remission death, relapse or 

refractory disease (denoted rel/ref) leading to 2nd remission, and rel/ref leading to death. The 

second target variable was an indicator variable for remission death (i.e. remission death yes/ 

no) and similarly the final target variable considered was an indicator variable for rel/ref 

regardless of outcome. Decision trees with different features were considered which were 

named Chestnut, Oak, and Elm. Chestnut had the features: trial and the total drug dosages 

where the drugs were: cyclophosphamide, etoposide, vincristine, L-asparaginase, steroid, 

methotrexate, purine, anthracycline, and cytarabine. Oak had the features: trial, regimen, 

delayed intensifications, purine received, and steroid received. Thus, Oak was only employed 

on data for the trials that were stratified by regimen: UKALL97/99, UKALL2003, and 

UKALL2011. Elm had the same features as Oak minus regimen so that all the trials could be 

considered by these features (trial, delayed intensifications, purine received, and steroid 
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received). This information is summarised in Table 49. It was required for features to be 

numerical and thus, the string variable trial was converted with the following coding: 0 = 

UKALLXI92, 1 = UKALL97, 2 = UKALL97/99, 3 = UKALL2003, 4 = UKALL2011. Random forest and 

XGBoost algorithms were only utilised with the features from the Chestnut tree as these were 

shown to be the best at accurately classifying patients. All three target variables were 

considered for both these algorithms. 

Decision Tree Features Target variables 

Chestnut – Trial and Total drug dosages: 

cyclophosphamide, etoposide, vincristine, 

L-asparaginase, steroid, methotrexate, 

purine, anthracycline, and cytarabine 

4 class outcome: continued remission, 

remission death, relapse/refractory disease 

leading to 2nd remission, relapse/refractory 

disease leading to death. 

Oak – Trial, regimen, delayed 

intensifications, purine received, and 

steroid received 

Rel/ref: relapse/refractory disease, no 

relapse/refractory disease. 

Elm – Trial, delayed intensifications, purine 

received, and steroid received 

Remission death: died in remission, did not 

die in remission. 

Table 49. Summary of the three decision trees and three target variables employed. 

 

The data were randomly split into training and test datasets at a ratio of 70:30 using the 

train_test_split command. K-fold cross validation was used (with 10 folds) when utilising 

decision trees to ensure the random split was a good representation of the data, and that the 

accuracy of the trees were similar in each fold. This was performed with the commands KFold 

and cross_val_score. Similarly, repeated stratified K-Fold cross validation [Section 2.5.2.1] 

with 10 folds and 3 repeats was performed when utilising random forest and XGBoost 

algorithms with the command RepeatedStratifiedKFold. Decision trees were made using the 

DecisionTreeClassifier command, random forests with the RandomForestClassifier command, 

and XGBoost with the command XGBClassifier from the xgboost package. The metrics used to 

assess all the algorithms were accuracy, precision, recall, and F1 score values, as well as 

plotting confusion matrices and ROC curves. The commands for these were from the metrics 

library and were called accuracy_score, classification_report, confusion_matrix, and 

RocCurveDisplay.   
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Within decision trees, hyperparameter tuning using the GridSearchCV command [Section 

2.5.2.2.2] and cost complexity pruning [Section 2.5.2.2.1] were both employed as methods to 

produce the most accurate decision tree that was also interpretable. GridSearchCV sought an 

optimal maximum depth and maximum number of features to be considered in a decision 

tree. A tree with a max depth of 5 and a minimum sample leaf of 15 was also created with the 

goal of obtaining a tree that was interpretable and created classifications of clinically relevant 

and statistically valid group sizes useful for analysis. For random forests, an equivalent 

method of hyperparameter tuning to GridSearchCV was used which was called 

RandomizedSearchCV which sought for an optimal maximum depth and number of 

estimators.  

The issue of imbalanced data was addressed by assigning weight classes or resampling the 

data for all of the algorithms. For decision trees and random forests, balanced weight classes 

were assigned with the inbuilt option of class_weight, whilst scale_pos_weight was the inbuilt 

option for XGBoost to apply more weight to the minority class. Undersampling and 

oversampling were performed (as well as a combination of both) using the commands 

NearMiss (Version 1) and SMOTE respectively, both from the imbalanced-learn package. 

NearMiss was used with 5 nearest neighbours specified, whilst SMOTE used the ‘auto’ 

sampling strategy when applied to the data alone, and with a distribution of 486 patients (the 

original number of patients in the majority class) to each class when applied in conjunction 

with undersampling. T-SNE plots were used to assess the existence of clusters within the data, 

as well as to determine if the resampling produced an accurate representation of the data 

regarding those clusters. T-SNE plots were created using the TSNE command and plotted 

using plotly. An adaption of leave-one-out cross validation was used with random forest 

algorithms to attempt to include more events of interest in the training dataset, as an 

alternative methods to resampling to address class imbalance. For the random forests with 

relapse/ refractory disease as the target variable, 5 patients with an event were “left” in the 

test dataset due to a larger number of events. With remission death as the target variable, 

only one patient was “left” in the test dataset. The metrics reported for the leave-one-out 

cross validation are from the training dataset as opposed to the test dataset since the number 

of events left in the test dataset were too small to draw any meaningful conclusions from. 

However, the performance on the model on the test data was still assessed.   
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All machine learning was performed in Python using Jupyter Notebook version 6.4.8 in which 

a virtual environment was created to ensure consistent package versions were used every 

time. All of the above commands were in the scikit-learn package unless specified. The 

primary packages used throughout this project were: scikit-learn (version 1.4.2), imbalanced-

learn (version 0.12.3), xgboost (version 2.0.3), pandas (version 1.4.2), plotly (version 5.22.0), 

matplotlib (version 3.5.1), and numpy (version 1.21.5). A random seed/state of 7 was used in 

each jupyter notebook as well as in the cross-validation, decision tree, random forest, and 

XGBoost commands to ensure reproducibility. A random state of 1 was used when splitting 

the data into training and test datasets and a random state of 42 was used for the t-SNE plots, 

also to ensure reproducibility. 

5.4 Results 

5.4.1 Decision Trees 

The first machine learning algorithm utilised to classify good risk genetics patients by outcome 

was a decision tree. This was initially employed in the ETV6::RUNX1 subset. The Chestnut, 

Oak, and Elm decision trees were built for all three target variables of interest. Cost 

complexity pruning, hyperparameter tuning using GridSearchCV, and pruning to a max depth 

of 5 with a minimum sample leaf of 15 were all explored. Balanced weight classes and 

resampling techniques were also assessed. 180 different decision tree model variations were 

considered, the results of which are presented in Supplementary Table 2. Trees were 

considered to be successful if an F1-score of ≥ 80% was achieved for each class. 

5.4.1.1 ETV6::RUNX1 

Within the ETV6::RUNX1 dataset, neither Oak nor Elm were able to successfully classify 

patients in the 4 class outcome setting, with average F1-scores < 0.41 regardless of pruning, 

hyperparameter tuning, weighting classes, or resampling method [Supplementary Table 2]. 

The most accurate decision tree in this setting was the Chestnut tree, with a maximum depth 

of 7 and a maximum number of 7 features considered at each split as indicated by 

GridSearchCV, where the data had been both under- and over-sampled. This tree correctly 

classified all of the complete remission cases and >75% of the three other event classes, as 

shown by the recall values, and resulted in an averaged F1-score of 0.87 as well as an AUC of 

0.96 [Figure 50]. However, the tree is too large to be easily interpretable, thus it is difficult to 
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draw meaningful conclusions from this tree. Therefore, trees with indicator variables as the 

target variable were explored, namely remission death and relapse/ refractory disease.  

 

 
Precision Recall F1-score Accuracy 

Complete Remission (= 0) 0.88 1 0.94 

0.87 

Remission Death (= 1) 0.91 0.76 0.83 

Relapse/ Refractory 2nd Rem (= 2) 0.88 0.88 0.88 

Relapse/ Refractory Death (= 3) 0.83 0.86 0.84 

Averaged metrics 0.87 0.88 0.87 

Figure 50. Metrics of the Chestnut decision tree with a max depth of 7 and a maximum 

number of features of 7, created with under- and over-sampled data. DT: decision tree, UO: 

under- and over-sampling, Grid: GridSearchCV, AUC = area under the curve. 

 

With relapse/ refractory disease as the target variable, the Oak and Elm trees performed 

better, however, the Oak trees were still unable to accurately classify >75% of patients in the 

rel/ref group regardless of techniques applied [Supplementary Table 2]. The optimal Elm tree 

was a tree with a depth of 3 and 4 features where undersampling had been applied to the 

data. The tree had an AUC of 0.88 and correctly classified 84% of the rel/ref group and 77% 

of the non-rel/ref group [Figure 51]. The only two features used to classify patients were trial 

and number of delayed intensifications. All patients classified as non-rel/ref were patients on 

trials UKALL2003 and UKALL2011 who had 2 or more delayed intensifications. As all patients 

on UKALL2011 had 1 delayed intensification, this means the only patients the tree had 

classified as the non-rel/ref group were on UKALL2003 and had 2 delayed intensifications. 
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This is unsurprising given the fact that UKALL2003 patients had the best relapse rates of all 

the trials as shown in Chapter 3.     

    

 
Precision Recall F1-score Accuracy 

No Relapse/ Refractory Disease (= 0) 0.83 0.77 0.8 

0.8 Relapse/ Refractory Disease (= 1) 0.78 0.84 0.81 

Averaged metrics 0.8 0.8 0.8 

Figure 51. Elm decision tree with a max depth of 3 and a maximum number of features of 

4, created with undersampled data and the accompanying metrics. Trial was converted to a 

numerical variable with the following coding: UKALLXI92 = 0, UKALL97 = 1, UKALL97/99 = 2, 

UKALL2003 = 3, and UKALL2011 = 4. Thus, in the tree, ≤ 2.5 refers to trials UKALL97/99 or 

earlier. Delayed intensification is coded by number of delayed intensifications. Value refers 

to the number of training sample who are classified to each class, no relapse/refractory and 

relapse/refractory at each node. DI: delayed intensification, AUC: area under the curve. 

 

The Chestnut tree was once again successful, with an average F1-score of 99% in the rel/ref 

setting when undersampling was performed, a max depth = 6, and max features = 4 were 

used.  Only one patient was misclassified by the tree which was a relapse/refractory patient. 

Purine dose was the root feature of the tree, with cytarabine, methotrexate, 

cyclophosphamide, and steroid dose also included. The tree and the corresponding metrics 

are shown in Figure 52. Of note is that the optimal under- and over-sampled chestnut tree 
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also performed well in this setting with 100% classification accuracy in the non-rel/ref group 

and a correct classification rate of 91% in the rel/ref group [Supplementary Table 2].  As the 

decision trees seemed to more accurately classify patients with a binary target variable, 

remission death was also considered in this fashion. 

 

 
Precision Recall F1-score Accuracy 

No Relapse/ Refractory Disease (= 0) 0.97 1 0.99 

0.99 Relapse/ Refractory Disease (= 1) 1 0.97 0.99 

Averaged metrics 0.99 0.99 0.99 

Figure 52. Chestnut decision tree with a max depth of 6 and a maximum number of features 

of 4, created with undersampled data and the accompanying metrics. Cyt: cytarabine, meth: 

methotrexate, cyclo: cyclophosphamide, AUC: area under the curve. 

 

The Chestnut tree was the only tree able to classify >75% of patients correctly when the target 

variable was remission death. The optimal Chestnut tree was created with under- and over-



 

157 

 

sampled data. The tree did not need pruning, and hyperparameter tuning revealed that the 

full tree was the most optimal [Figure 53]. The tree had both an AUC and average F1-score of 

0.98 and correctly classified 95% of the remission death patients and 100% of the other group. 

Methotrexate dose was the root feature in the tree with cytarabine dose being the only other 

feature.  

 

 
Precision Recall F1-score Accuracy 

No remission death (= 0) 0.95 1 0.98 

0.98 Remission death (= 1) 1 0.95 0.98 

Averaged metrics 0.98 0.98 0.98 

Figure 53. Chestnut decision tree, created with under- and over-sampled data and the 

accompanying metrics. Cyt: cytarabine, meth: methotrexate, AUC: area under the curve. 

 

As under- and over-sampling was a successful method of handling imbalanced data for each 

target variable in ETV6::RUNX1, this was the only resampling technique considered in the high 

hyperdiploidy subgroup. All three trees were once again considered, as were the three target 

variables. The trees without any technique to resolve the class imbalance were once again 

unsuccessful and thus not presented. 
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5.4.1.2 High hyperdiploidy 

Within the high hyperdiploidy dataset, where under- and over-sampling was performed on 

the data, neither Oak nor Elm were able to successfully classify >75% of patients in each 

outcome for any of the target variables. Chestnut was successful when relapse/ refractory 

disease and remission death were the target variables, but was unsuccessful when 

considering the 4 class outcome as the target, as only 45% of the rel/ref leading to 2nd 

remission group were correctly classified.  

The optimal tree for classifying high hyperdiploidy patients by relapse/ refractory outcome 

was a Chestnut tree with a max depth of 6 and a maximum number of features of 3 considered 

at each split. This tree was able to correctly classify 100% of the non-rel/ref group and 90% of 

the rel/ref group resulting in an averaged F1-score and an AUC of 0.96 [Figure 54]. As is 

evidenced by Figure 55, the decision tree is more complex than many of the trees developed 

in the ETV6::RUNX1 dataset and is therefore not as interpretable. 

 

 
Precision Recall F1-score Accuracy 

No Relapse/ Refractory Disease (= 0) 0.91 1 0.95 

0.95 Relapse/ Refractory Disease (= 1) 1 0.9 0.94 

Averaged metrics 0.95 0.95 0.96 

Figure 54. Metrics of a chestnut decision tree with a max depth of 6 and a maximum number 

of features of 3, created with under- and over-sampled data. AUC: area under the curve 
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When using remission death as the target variable, the optimal tree was the full Chestnut 

tree. The root feature for this tree was methotrexate dose whilst steroid dose was also used 

to classify patients. The tree was able to accurately classify every non-remission death 

patient, as well as 91% of the remission deaths. The tree had an AUC of 0.95 and an average 

F1-score of 0.96 [Figure 56].   

 

 
Precision Recall F1-score Accuracy 

No remission death (= 0) 0.92 1 0.96 

0.96 Remission death (= 1) 1 0.91 0.95 

Averaged metrics 0.96 0.95 0.96 

Figure 56. Chestnut decision tree, created with under- and over-sampled data and the 

accompanying metrics. Meth: methotrexate, AUC: area under the curve. 

 

5.4.1.3 Testing the trees in the original data 

As all the successful trees had been produced with resampled data, these trees were tested 

in the original data to see if the splits found truly represented groups with different outcomes. 

The results showed that resampled data did not honour the boundaries of the groups found 

in the actual data, as in order to correctly classify the majority of events of interest (e.g. 
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remission deaths) the tree also classified most cases without the event of interest that way 

(e.g. non-remission deaths). This occurred in both ETV6::RUNX1 and high hyperdiploidy data 

and an example is presented for a tree in each subset below.  

The Elm decision tree, aiming to classify relapse/refractory disease in ETV6::RUNX1 patients, 

was able to successfully classify 80% of the rel/ref patients in the original data, however, this 

was at the expense of misclassifying 70% of the non-rel/ref cases where it had only 

misclassified 23% in the resampled data. This resulted in an AUC of 0.58 which indicates that 

this tree is only a slight improvement upon a random classification of these patients [Figure 

57]. 

 

 
Precision Recall F1-score Accuracy 

No Relapse/ Refractory Disease (= 0) 0.95 0.3 0.46 

0.33 Relapse/ Refractory Disease (= 1) 0.08 0.8 0.14 

Averaged metrics 0.52 0.55 0.3 

Figure 57. Metrics of the Elm decision tree with a max depth of 7 and a maximum number 

of features of 7, created with under- and over-sampled data applied to the original 

ETV6::RUNX1 data. AUC: area under the curve. 

 

Similarly, the Chestnut decision tree aiming to classify remission deaths in high hyperdiploidy 

patients incorrectly classified 95% of non-remission deaths in order to be able to classify 73% 

of the remission death patients correctly. This is a stark contrast from the performance in the 

resampled data, in which 100% of non-remission deaths and 91% of remission deaths were 
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correctly classified by the tree. This poor performance, again, resulted in an AUC just above 

0.5 showing that this tree makes little improvement upon a random classification [Figure 58]. 

 

 
Precision Recall F1-score Accuracy 

No remission death (= 0) 0.9 0.05 0.1 

0.06 Remission death (= 1) 0.01 0.73 0.03 

Averaged metrics 0.46 0.39 0.06 

Figure 58. Metrics of the Chestnut decision tree created with under- and over-sampled data 

applied to the original high hyperdiploidy data. AUC: area under the curve. 

 

5.4.2 t-SNE 

In order to determine if there were indeed clusters in the data that the machine learning 

algorithms could identify, as well as to confirm that the resampled data did not retain the 

boundaries between the classes present in the original data, t-SNE visualisation [Section 2.4.1] 

was performed both in ETV6::RUNX1 and high hyperdiploidy, with the drug dosages and trial 

as features since the Chestnut tree seemed best at classifying patients. Trial was kept as a 

numeric variable for the t-SNE visualisation in order to remain consistent with the machine 

learning. 

For ETV6::RUNX1 patients, it was clear that there were distinct clusters within the data, 

however, these clusters were not based on outcome as is clear from Figure 59. Instead, rel/ref 

cases seem to be clustered very closely with non-rel/ref cases, likely explaining the decision 

trees’ inability to find splits that classify patients based on outcome. The perplexity is a 

tuneable parameter which is assigned to balance the attention between local and global 
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aspects of the data. It is an estimate of the number of close neighbours each data point will 

have. A perplexity of 45 was set in this study as this was deemed to be the most effective 

within the ETV6::RUNX1 cohort. Perplexity optimisation was performed by assessing the 

Kullback-Leibler divergence at different perplexity values between a range of 5 and 55  with 

the goal of choosing the perplexity value at which the divergence begins to stabilise. 

 

Figure 59. t-SNE visualisation of the original ETV6::RUNX1 data coloured by 

relapse/refractory disease. Blue denotes the relapse refractory disease cases and pink 

denotes non-relapse/ refractory disease cases.  

 

The visualisation of the resampled ETV6::RUNX1 data differs dramatically from the original 

data, with distinct clusters of rel/ref cases and largely distinct clusters of non-rel/ref cases 

[Figure 60]. This explains the decision trees’ ability to classify patients based on the features 

in the chestnut tree when the data were resampled.  
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Figure 60. t-SNE visualisation of the under- and over-sampled ETV6::RUNX1 data coloured 

by relapse/refractory disease. Blue denotes the relapse refractory disease cases and pink 

denotes the non-relapse/ refractory disease cases.  

 

Within the high hyperdiploidy dataset, there were also no distinct clusters based on outcome 

as rel/ref cases grouped with non-rel/ref cases in the original data, although clusters did exist 

[Figure 61]. 

 

 



 

165 

 

 

Figure 61. t-SNE visualisation of the original high hyperdiploidy data coloured by 

relapse/refractory disease. Blue denotes the relapse refractory disease cases and pink 

denotes the non-relapse/ refractory disease cases. 

 

This was, again, completely different in the resampled data where there were distinct clusters 

of rel/ref cases and largely distinct clusters of non-rel/ref cases [Figure 62]. This shows that 

the resampled data were not a true representation of the original data in either genetic 

subgroup, elucidating the lack of generalisability of the decision trees created in the 

resampled data. 

The resampled data likely show very different clusters to the original data as the data points 

that were neighbours of the events of interest have been removed, and new synthetic 

minority samples have been included created artificial groups of majority and minority 

samples that are completely distinct from one another. Thus when the trees are employed in 

the original data, the samples from the majority group that were clustered near to the 

samples that had the event of interest were misclassified as events of interest. From these 

findings, it is plausible that these features cannot be used alone to predict good risk genetic 

patient outcomes. This is possibly because the values of these features are too similar 

amongst the classes, perhaps because not enough continuous variables were considered, and 

thus no viable splits can be found. However, as this data is complex, it is also feasible that 
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there are clusters which are not apparent and that the decision tree algorithm was simply 

unable to identify splits to accurately predict these groups.  

 

Figure 62. t-SNE visualisation of the under- and over-sampled high hyperdiploidy data 

coloured by relapse/refractory disease. Blue denotes the relapse refractory disease cases 

and pink denotes the non-relapse/ refractory disease cases. 

 

5.4.3 Bagging 

As it was clear that the decision tree algorithm was not able to accurately classify patients 

based on outcome, a bagging technique was explored – the random forest algorithm. This 

algorithm is generally more accurate than the decision tree as it has a higher predictive power 

whilst also being more robust and reducing overfitting. The Chestnut tree was the only one 

taken forward for bagging as these were the only features that were optimal for the decision 

trees to predict patient outcomes [Supplementary Table 2]. All three target variables were 

considered.  

5.4.3.1 ETV6::RUNX1 

It is clear from Figure 63 that the random forest algorithm was not an improvement over the 

decision tree in ETV6::RUNX1 data with relapse/ refractory disease as the target variable. It 

simply classified all patients as non-relapse/ refractory disease as this still resulted in a 91% 

accuracy overall due to the imbalanced classes. This was also the case in the 4 class outcome 
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and remission death settings. Thus, the stipulation of balanced weight classes was added into 

the algorithm in an effort to ensure the algorithm focused on correctly classifying every group. 

 

 

 
Precision Recall F1-score Accuracy 

No Relapse/ Refractory Disease (= 0) 0.91 1 0.95 

0.91 Relapse/ Refractory Disease (= 1) 0 0 0 

Averaged metrics 0.46 0.5 0.48 

Figure 63. Metrics of a Chestnut random forest created in ETV6::RUNX1 data with a max 

depth of 3 and 84 estimators where relapse/ refractory disease is the target variable. AUC: 

area under the curve. 

 

Whilst the balanced weight classes did result in some relapse/ refractory disease cases being 

correctly classified, 82% were still misclassified and this minor improvement was at the 

detriment of 11% of non-rel/ref cases that were now misclassified [Figure 64]. This resulted 

in an average F1-score of 0.53 and an AUC of 0.52. This was also the case when the other two 

target variables were considered (<25% accuracy in the minority classes). Therefore it is clear 

that balanced weight classes were not able to resolve the issue of imbalanced data within the 

ETV6::RUNX1 subgroup.  
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Precision Recall F1-score Accuracy 

No Relapse/ Refractory Disease (= 0) 0.92 0.89 0.9 

0.83 Relapse/ Refractory Disease (= 1) 0.14 0.18 0.16 

Averaged metrics 0.53 0.54 0.53 

Figure 64. Metrics of a Chestnut random forest created in ETV6::RUNX1 data with a max 

depth of 13, 142 estimators, balanced class weights, and relapse/ refractory disease as the 

target variable. AUC: area under the curve. 

 

5.4.3.2 High hyperdiploidy 

Within high hyperdiploidy, the random forest performed much the same and classified all 

patients as non-remission death, as this resulted in the best accuracy of 83% due to the 

imbalanced nature of the data [Figure 65]. The averaged F1-score was 0.5 and the AUC was 

0.59 as one group was completely misclassified. Again, this occurred in both the relapse/ 

refractory disease and 4 class outcome settings.  
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Precision Recall F1-score Accuracy 

No remission death (= 0) 0.98 1 0.99 

0.98 Remission death (= 1) 0 0 0 

Averaged metrics 0.49 0.5 0.5 

Figure 65. Metrics of a Chestnut random forest created in high hyperdiploidy data with a 

max depth of 4 and 261 estimators where remission death is the target variable. AUC: area 

under the curve. 

 

The balanced class weights did not improve the misclassification of the remission death 

patients within the high hyperdiploidy subgroup and instead misclassified 5% of non-

remission deaths. This resulted in a lower accuracy of 93% compared to the standard random 

forest and a lower average F1-score of 0.48 [Figure 66]. Similar occurrences happened within 

the rel/ref and 4 class outcome settings where there was marginal improvement in the 

minority groups classes (<20% accuracy in each minority class) and a decrease in classification 

accuracy of the majority class.  
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Precision Recall F1-score Accuracy 

No remission death (= 0) 0.98 0.95 0.96 

0.93 Remission death (= 1) 0 0 0 

Averaged metrics 0.49 0.47 0.48 

Figure 66. Metrics of a Chestnut random forest created in high hyperdiploidy data with a 

max depth of 16, 246 estimators, balanced class weights, and remission death as the target 

variable. AUC: area under the curve. 

 

5.4.3.3 Leave-one-out cross-validation 

As the t-SNE visualisation confirmed that resampling the data was not viable, an alternative 

method of handling the imbalanced data was investigated – a modification of leave-one-out 

cross validation. This was only performed with relapse/ refractory disease and remission 

death as the target variable since the goal of this approach is to have as many events as 

possible in the training dataset, and thus splitting the events into three groups was not logical. 

This cross-validation approach was performed 10-fold to ensure the results reported were 

not affected by variability in the data. The random forests were also subject to 

hyperparameter tuning. 

The random forest employed on ETV6::RUNX1 data with relapse/ refractory disease as the 

target variable was not able to correctly classify the minority group. When assessed in the 

training dataset, approximately two thirds of the rel/ref group were misclassified and the 

average F1-score was 74% [Figure 67]. The hyperparameter tuning resulted in a tree which 

classified all patients as non-rel/ref. These results were similar across the 10 folds. When 
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assessed in the test dataset, across the 10 folds, the random forest most frequently 

misclassified all five rel/ref patients with the exception of three times where one rel/ref 

patient was correctly classified. 

 

 
Precision Recall F1-score Accuracy 

No Relapse/ Refractory Disease (= 0) 0.92 0.99 0.96 

0.92 Relapse/ Refractory Disease (= 1) 0.88 0.36 0.51 

Averaged metrics 0.9 0.68 0.74 

Figure 67. Metrics of a Chestnut random forest created in ETV6::RUNX1 data using leave-

five-out cross validation, with relapse/ refractory disease as the target variable, where the 

training data were used to create these metrics.  

 

Within the high hyperdiploidy data, the random forest classified 100% of non-remission death 

patients correctly but only 30% of remission death patients [Figure 68]. This resulted in a very 

high accuracy (99%) but an average F1-score of 0.73. These findings were similar across the 

10 folds. The random forest with hyperparameter tuning again classified all patients as non-

remission death most frequently throughout the 10 folds. When assessing the performance 

of the model in the test data, the one remission death patient was misclassified 9 times out 

of 10 by the algorithm regardless of hyperparameter tuning.  
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Precision Recall F1-score Accuracy 

No Remission death (= 0) 0.99 1 0.99 

0.99 Remission death (= 1) 1 0.3 0.47 

Averaged metrics 0.99 0.65 0.73 

Figure 68. Metrics of a Chestnut random forest created in high hyperdiploidy data using 

leave-one-out cross validation, with remission death as the target variable, where the 

training data were used to create these metrics.  

 

It is clear from these results that the bagging technique was unsuccessful as the algorithm 

consistently failed to correctly classify the minority class, as evidenced by the metrics 

presented in this section.  

5.4.4 Boosting 

As both the decision tree [Section 5.4.2] and random forest [Section 5.4.3] were not successful 

at classifying patients, a boosting algorithm was explored. Boosting has been proposed as a 

method for handling imbalanced data as it penalises incorrect classifications and assigns more 

weight to correct classifications. The algorithm XGBoost was employed in both the 

ETV6::RUNX1 and high hyperdiploidy subgroups. All three target variables were once again 

considered.  

5.4.4.1 ETV6::RUNX1 

Within the ETV6::RUNX1 dataset, the XGBoost algorithm with Chestnut features performed 

poorly for each target variable. The algorithm successfully classified 11% of relapse/ 

refractory disease patients and had an AUC of 0.58 [Figure 69]. Similar results were found in 
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the other settings where only 17% of remission death patients were correctly classified, whilst 

each minority class had a recall of <0.18 in the 4 class setting.  

 

 

 
Precision Recall F1-score Accuracy 

No Relapse/ Refractory Disease (= 0) 0.92 0.96 0.94 

0.89 Relapse/ Refractory Disease (= 1) 0.22 0.11 0.14 

Averaged metrics 0.57 0.54 0.54 

Figure 69. Metrics of an XGBoost algorithm created in ETV6::RUNX1 data with Chestnut 

features, where relapse/ refractory disease is the target variable. AUC: area under the curve. 

 

Since the algorithm was still misclassifying the minority class samples, a weighted XGBoost 

algorithm was utilised with a weighting of 1000 towards the minority class. This resulted in 

the correct classification of 3 additional relapse/ refractory patients at the detriment of 

misclassifying an additional 34 non-rel/ref cases. Furthermore, the recall of the rel/ref group 

was only 0.18 and the AUC for the algorithm was 0.57 [Figure 70]. This same occurrence 

happened with the other two target variables with recall values <0.18 for each minority class. 

Within the 4 class outcome setting, the weighted algorithm offered no improvement over the 

standard algorithm.  



 

174 

 

 

 
Precision Recall F1-score Accuracy 

No Relapse/ Refractory Disease (= 0) 0.92 0.88 0.9 

0.82 Relapse/ Refractory Disease (= 1) 0.13 0.18 0.15 

Averaged metrics 0.52 0.53 0.52 

Figure 70. Metrics of a weighted XGBoost algorithm created in ETV6::RUNX1 data with 

Chestnut features, where relapse/ refractory disease is the target variable. AUC: area under 

the curve. 

 

5.4.4.2 High hyperdiploidy 

The XGBoost algorithm performed similarly within the high hyperdiploidy subset as it 

completely misclassified the remission death group by classifying all patients as non-rel/ref 

[Figure 71]. With relapse/ refractory disease as the target variable, 98% of the minority class 

patients were misclassified. For the 4 class outcome, only 6% of rel/ref patients leading to 2nd 

remission were able to be accurately classified, whilst the patients in the other two minority 

classes were all misclassified.  
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Precision Recall F1-score Accuracy 

No remission death (= 0) 0.99 1 0.99 

0.99 Remission death (= 1) 0 0 0 

Averaged metrics 0.49 0.5 0.5 

Figure 71. Metrics of an XGBoost algorithm created in high hyperdiploidy data with 

Chestnut features, where remission death is the target variable. AUC: area under the curve. 

 

A weighted XGBoost algorithm was once again utilised with a weighting of 1000 towards the 

minority class. This did not improve the model as 100% of the rel/ref class group were still 

misclassified, whilst 2% of the non-rel/ref group were now misclassified [Figure 72]. Similarly, 

in the 4 class outcome, only 6% of rel/ref patients (regardless of outcome) were correctly 

classified whilst all of the remission death patients remained misclassified by the model. For 

relapse/ refractory as the target variable, 34% of minority class and 77% of the non-rel/ref 

patients were accurately classified.  
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Precision Recall F1-score Accuracy 

No remission death (= 0) 0.99 0.98 0.98 

0.97 Remission death (= 1) 0 0 0 

Averaged metrics 0.49 0.49 0.49 

Figure 72. Metrics of a weighted XGBoost algorithm created in high hyperdiploidy data with 

Chestnut features, where remission death is the target variable. AUC: area under the curve. 

 

5.5 Discussion 

In summary, this chapter considers the ability of several machine learning algorithms to 

accurately classify patients based on outcome. The algorithms were optimised according to 

hyperparameter tuning, whilst class weights and resampling methods were explored to 

handle the issues surrounding imbalanced data. Boosting and bagging techniques were also 

employed as “stronger learners” than the decision tree with the goal of reducing variance, 

bias and overfitting. Balanced weighting and leave-out-one cross validation were applied to 

the boosting algorithm to resolve imbalanced data issues whilst a larger weighting of the 

minority class was investigated with the bagging algorithm. A summary of the techniques and 

their success is presented in Table 50. 
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Original 

data 
Class 

weights 
Under- Over- Under- and over- 

LOO 
CV 

Decision tree 

4 class outcome        In resampled data   

Rel/ref         In resampled data   

Remission death         In resampled data   

Random forest 

4 class outcome             

Rel/ref             

Remission death             

XGBoost 

4 class outcome             

Rel/ref             

Remission death             

Table 50. A grid summarising the machine learning algorithms, target variables, pruning 

techniques, and imbalanced data solutions employed for the Chestnut tree in this chapter, 

coloured by success. Only the Decision tree elements of the table were employed for the Oak 

and Elm trees. Green: successful, red: unsuccessful, grey: not employed. Techniques were 

considered successful if F1-scores of ≥ 80% were achieved in each class. LOO CV: leave-one-

out cross-validation, rel/ref: relapse/ refractory disease, under: undersampled, over: 

oversampled. 

 

The only decision trees able to accurately classify patients were those developed on 

resampled data. The Oak and Elm decision trees which used treatment elements as the 

features were largely unsuccessful even when applied to the resampled data. The Chestnut 

tree, which used total drug dosages and trial as the features, largely had the best performance 

with all three target variables in both genetic subgroups. The only successful Elm tree was 

that which classified ETV6::RUNX1 patients by relapse/ refractory disease status, where 

undersampling had been performed to the data. However, even in this instance, the Chestnut 

tree had a better performance where under- and over-sampling had been implemented. The 

Oak tree was never successful.  

It became clear that the good performance of the decision trees created with the resampled 

data did not translate to successful classification of patients in the original data, as in order 

to accurately classify a large proportion of the minority class, the algorithm also misclassified 

most of the majority class. The reason for this became clear when the data were visualised 
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using t-SNE plots with the total drug dosages and trial as features, as the clusters were not 

distinct based on outcome in the original data, likely causing difficulty in identifying splits 

within these data. Conversely, the resampled data showed largely distinct clusters between 

the relapse/ refractory disease cases and non-rel/ref cases which don’t exist in the real data, 

thus illuminating the cause of the decision tree algorithm’s superior performance in the 

resampled data. From these findings, it is evident that resampling data was not a solution to 

imbalanced data for this project. This issue is well reported within the literature, with studies 

finding that complex data, and data with lots of overlap of samples, is an issue for machine 

learning algorithms as resampling can cause overgeneralisation; thus models generated on 

resampled data can be poorly calibrated, both of which leads to a poor classification 

performance (Welvaars et al., 2023; Kim and Jung, 2023; Sasada et al., 2020). Despite this, 

resampling is still one of the most popular solutions to imbalanced data, with many different 

methods proposed, as few alternative solutions are available. 

Bagging was utilised with the goal of reducing overfitting and increasing the prediction 

strength of the algorithm. Resampling techniques were not explored due to their proven 

inability to accurately represent the true data. The random forest algorithm did not improve 

upon the decision tree, once again misclassifying the minority group for each target variable 

in both ETV6::RUNX1 and high hyperdiploidy populations. Balanced weight classes were 

employed to ensure the algorithm assigned equal importance to correctly classifying each 

group. This generally resulted in a marginal improvement in accuracy with regards to the 

minority class, but caused many of the majority class to be misclassified. Leave-one-out cross-

validation was attempted as a method to give the algorithm as many true events as possible 

when training, with the aim of improving classification accuracy. When assessed in both the 

training and test data, the algorithms were once again unsuccessful; largely misclassifying the 

minority class. Thus, the classification performance of the random forest algorithm was poor 

overall and was not able to identify features which split patients based on outcome.  

The final algorithm utilised was a boosting algorithm, which builds a weak learner and 

penalises incorrect classification. This algorithm performed similarly to the decision tree and 

random forest algorithms, by prioritising the classification of the majority class, resulting in a 

high accuracy overall, but misclassifying the minority class. A weighted XGBoost algorithm 

was employed which instructed the algorithm to weight the minority samples by 1000, thus 
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incentivising the model to prioritise these cases in its classification. This was unsuccessful in 

both ETV6::RUNX1 and high hyperdiploidy datasets. Therefore, the XGBoost algorithm was 

also ineffective at achieving the aim of identifying features which could be utilised to predict 

the outcome of good risk patients. 

Whilst the decision tree algorithm was successful in the resampled data, no machine learning 

algorithm utilised in this project was able to accurately classify patients based on outcome 

with the features used in the models in the original dataset. There are several potential causes 

for this. One possibility is that the algorithms utilised in the project weren’t the most 

appropriate for the task. These algorithms were employed as they are often utilised for this 

type of task with positive results, and are also easily explainable – an important consideration 

when choosing machine learning algorithms as predictions made based on uninterpretable 

results is inappropriate in medical research. However, there are many machine learning 

algorithms that have been proposed for classification tasks within the literature, and further 

investigation into these may be necessary to resolve this problem (Sen, Hajra and Ghosh, 

2020; Osisanwo et al., 2017; Singh, Thakur and Sharma, 2016; Suyal and Goyal, 2022; Tan, 

2021; Iqbal et al., 2022). The algorithms utilised in this project were selected as they are fully 

explainable, meaning these algorithms show the steps made to classify patients. This is vital 

if these models are to be used in a real-world clinical setting. However, it is possible that this 

requirement of explainability has jeopardised the potential accuracy of these features to 

classify patients. Thus, alternative explainable or partially explainable algorithms may be 

more effective for this task whilst still maintaining their utility in a real-world setting. Another 

possible cause is that the data imbalance is too great such that no algorithm could classify the 

patients with the event of interest. Alternative resampling methods, weighting techniques, or 

decision thresholds could be explored both alone and in conjunction with different machine 

learning algorithms to resolve this issue (Esposito et al., 2021; Tanha et al., 2020; Puri and 

Kumar Gupta, 2022; Hasib et al., 2020; Rawat and Mishra, 2024; Nakatsu, 2021). Alternatively, 

more data could be collected so that the algorithms have more cases to “learn” from and 

improve their classification performance. Another reason may be that there is too much 

homogeneity in the data, i.e. patients across groups have the same values in the features used 

by the model to assign classes, an issue that has been identified previously in the literature 

(Vuttipittayamongkol, Elyan and Petrovski, 2021). Finally, it is also possible, though unlikely, 
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that no optimal treatment elements/ drug dosages exist within the trials considered in this 

study. However, findings from chapter 3 and 4, as well as findings from previous studies 

dispute this notion (Enshaei et al., 2021; Bartram, Veys and Vora, 2020; Samarasinghe et al., 

2021). A much more likely conclusion is that too few suitable features were available for 

consideration in this project. 

Since a machine learning algorithm which accurately predicts outcome of good risks genetics 

patients could not be produced for this project, further work is required to develop an 

algorithm which can be used to identify optimal treatment elements on the four historic 

clinical trials. Furthermore, an alternative method to validate the findings of the relative dose 

intensity score is required. 
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Chapter 6. Discussion 
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6.1 Need for the study 

Acute lymphoblastic leukaemia is the most common form of childhood cancer with good risk 

genetic abnormalities accounting for approximately 50% of B-cell precursor cases (Lustosa de 

Sousa et al., 2015; Forestier et al., 2008; Woodward et al., 2023). Risk stratification and the 

development of intensified treatment protocols has dramatically improved the survival of 

these patients, resulting in cure rates >90% on contemporary protocols (Malard and Mohty, 

2020; Inaba and Mullighan, 2020).  This success has resulted in a growing number of survivors 

of childhood ALL (Andrés-Jensen et al., 2020). However, patients often experience acute 

toxicities causing ~40% of deaths during treatment, whilst survivors suffer long-term late 

effects as a result of this treatment, with them being expected to have at least one chronic 

condition by the age of 40 (Al-Mahayri, AlAhmad and Ali, 2021; Andrés-Jensen et al., 2020). 

Therapy-related complications are widespread and can affect many organ systems including 

psychosocial problems, neurocognitive deficits, cardiovascular issues, musculoskeletal 

problems, auditory and ocular impairments, reproductive issues, and subsequent malignant 

neoplasms (Landier et al., 2018).  

Treatment of patients has been modified over the past few decades in order to lessen the 

burden; omitting or reducing treatment elements known to cause particular late effects 

(Dixon et al., 2020). Cranial radiation therapy is an example of this, as it has been removed 

from CNS treatment for the most part due to its harmful neurocognitive effects (Al-Mahayri, 

AlAhmad and Ali, 2021). Whilst these changes to therapy have resulted in fewer instances of 

the late effects that were seen in patients treated before 1990 - specifically reproductive, 

neurological, or gastrointestinal effects and CRT induced hypothalamic dysfunction; survivors 

treated with conventional therapy still experience impaired glucose metabolism and obesity 

as well as musculoskeletal effects, possibly due to more intensive dexamethasone and 

asparaginase doses (Inaba and Mullighan, 2020).  

Furthermore, several treatment-related risk factors surrounding common chemotherapy 

drugs have been reported. These include asparaginase toxicities such as pancreatitis, 

thrombosis, and hepatotoxicity, as well as adverse effects as a result of dexamethasone 

treatment encompassing neuropsychological and metabolic issues (Gupta et al., 2020; Warris 

et al., 2016). Moreover, the neurotoxic effect of vincristine, cardiovascular disease prevalence 

of patients treated with anthracycline, bone toxicity caused by corticosteroids and 
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methotrexate, as well as an association between anthracycline and secondary malignancies 

including breast cancer in female survivors and acute myeloid leukaemia have also been 

reported (Al-Mahayri, AlAhmad and Ali, 2021). As such, studies have focused increasingly on 

identifying measures to reduce toxicity and long-term sequelae in patients such as 

introducing other agents to mitigate adverse events, individualising drug dosages through 

therapeutic drug monitoring, or identifying patients with an increased risk to toxic effects and 

reducing their exposure to certain medications (Warris et al., 2016; Kloos et al., 2020; Pui and 

Evans William, 2006). Additionally, it has been shown that risk-stratified therapy, which aims 

to improve survival by increasing the intensity of therapy for high risk patients whilst reducing 

therapy for standard risk patients, has also succeeded in reducing late morbidity and mortality 

for standard risk patients (Dixon et al., 2020). 

Recent studies have shown that patients with low risk features such as good risk genetics and 

low levels of MRD at the end of induction could be eligible for further de-escalation of therapy 

(Moorman et al., 2022a; Pedrosa et al., 2020; Sidhom et al., 2021; Li et al., 2021; Goodwin, 

2023). The rationale of this study is that optimal treatment elements/ therapy intensities 

already exist for these patients within historic clinical trial protocols due to high and stable 

cure rates in the good risk genetics subgroups over the previous consecutive clinical trials. 

Previous studies have looked to identify optimal therapy in Europe using a vertical approach 

of contemporary clinical trials, however no-one has used a horizontal approach as employed 

in this study (Østergaard et al., 2024). 

6.2 Summary of findings 

It is vital to find optimal treatment pathways for cure of ALL whilst minimising toxicities as 

much as possible to improve long-term late effects of survivors. This is especially important 

in ALL as it is predominantly a childhood disease, thus there is a lifelong risk of developing and 

living with these sequelae. This study aimed to identify treatment elements that are optimal 

for good risk genetic patients to ensure they are given only the minimal dosages necessary 

for cure, whilst reducing unnecessary toxicities.  

A dataset comprising of patient information from a cohort of paediatric ALL patients treated 

on four consecutive clinical trials was assembled through collation of data available from 

LRCG data sources. Key treatment elements trial, regimen, and delayed intensification were 
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assessed for their impact on outcome of good risk genetics patients. These investigations 

revealed that outcome of ETV6::RUNX1 patients were comparable from UKALL97 onwards 

whilst high hyperdiploidy patients had stable cure rates from UKALL97/99; suggesting that 

there exists an optimal pathway within these trials and that the treatment de-escalation 

received in the latter trials did not adversely affect outcomes of good risk genetics patients. 

Furthermore, the increase in good risk genetics patients treated on regimen C across the 

latter three trials was found to be unnecessary, due to stable survival rates within each 

regimen across the trials. Analysis of survival by number of delayed intensifications showed 

that by UKALL97, the addition of the third intensification block was of detriment to patients 

with good risk genetics, and that the reduction to one delayed intensification on UKALL2003 

and UKALL2011 did not significantly affect survival when compared to patients receiving two 

delayed intensifications on UKALL2003. This is evidence that the de-intensification of 

treatment protocols for good risk genetics patients was not detrimental to survival (Chapter 

3). 

Drug dosages for these patients were calculated from trial protocols and appended to the 

dataset. A novel dose intensity score, based on the work of Hryniuk et al., was calculated 

which successfully classifies patients by dose intensity. Survival analysis of quartiles of the 

relative dose intensity score showed that the very low intensity treatment arms resulted in 

optimal survival of both ETV6::RUNX1 and high hyperdiploidy patients whilst patients treated 

with high dose methotrexate had inferior survival. However, the high dose intensity score 

group was enriched with UKALLXI92 patients, shown to have the poorest survival rates of all 

patients in this study. Thus, further analysis is required to ensure this result is independent of 

the effects of other treatment elements. Furthermore, it was found that methods to calculate 

a dose intensity score proposed by Hryniuk and Allgoewer were not efficacious in this cohort 

(Chapter 4). 

Machine learning algorithms were utilised as an alternative method to identify optimal 

dosages and treatment elements for cure of patients; seeking to validate the findings of the 

previous analyses in this study. Three machine learning algorithms were explored with various 

pruning and resampling techniques investigated. These algorithms were ultimately 

unsuccessful, likely due to heavily imbalanced data that was homogenous in its features. This 

was supported by a dimension reduction visualisation technique (t-SNE) which showed that 
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the patients with an event of interest clustered with the non-event patients when these 

features were used. Further work to resolve the data imbalance and identify a more robust 

algorithm is required (Chapter 5).  

In summary, this study provides further evidence that low-risk patients, namely those with an 

ETV6::RUNX1 translocation or high hyperdiploidy, are suitable for treatment de-escalation 

through analysis of treatment elements on historic consecutive UKALL clinical trials, as well 

as through analysis of a novel dose intensity score. Furthermore, this study establishes the 

use of machine learning to identify optimal treatment elements for patients with ALL. The 

impact of these findings is explored in Section 6.3.  

6.3 Relevance of findings and context within the field 

Subgroups of patients with cure rates >90% on contemporary trials have been identified 

highlighting the opportunity for treatment de-escalation in these populations. However, the 

minimal amount of therapy needed for cure of ALL, as well as which elements of treatment 

are essential to cure, are yet to be established.  

Analysis of treatment elements of four clinical trials identified that one delayed intensification 

is sufficient for treatment of good risk genetic ALL patients when compared against 2 delayed 

intensifications (ETV6::RUNX1 5-year OS rates: 99% vs 96%, high hyperdiploidy 5 year OS 

rates: 99% and 94%) and that additional intensifications were detrimental to survival. 

Furthermore, it was found that allocating patients with good risk genetics to regimen C due 

to MRD status at day 28 was of no benefit, with comparable survival rates of patients on each 

regimen across the three trials [Tables 13-16]. This confirms the findings of Østergaard et al. 

who found that ETV6::RUNX1 patients had excellent survival rates irrespective of MRD 

stratification (Østergaard et al., 2024).  Of note is that patients treated on UKALL2011 did 

have slightly inferior EFS rates than those treated on UKALL2003 in both good risk genetic 

subgroups, however this difference was not significant, nor did it impair cure rates. 

Importantly, the treatment backbone in UKALL2011 was less intensive than UKALL2003, thus 

the observation that survival was equivalent provides further evidence that patients with 

good risk genetics can, on average, be cured with less chemotherapy. Thus, one could argue 

that the benefit that the overall de-intensification provides for all good risk genetics patients 

outweighs the additional events, resulting in relapse salvaging treatment, seen in a minority 
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of cases. These findings confer with other study groups whom have determined that standard 

risk patients do not benefit from more intensive treatment (Hunger et al., 2013; Schore et al., 

2023; Maloney et al., 2019; Sidhom et al., 2021). 

Investigation of the relative dose intensity score supported these findings with the very low 

intensity risk group (comprised of every patient receiving one delayed intensification, as well 

as the subgroup of patients receiving two delayed intensifications and intrathecal 

methotrexate on UKALLXI92) having superior survival rates in both overall and event-free 

endpoints [Figures 45 - 48]. These findings suggest that patients were likely over-treated on 

the other treatment protocols, and that the treatment reduction seen on UKALL2011 was 

suitable for good risk genetic subgroups. This once again supports the findings of Østergaard 

et al. who determined that treatment de-escalation should be considered for the majority of 

ETV6::RUNX1 patients due to the similar outcomes seen on several contemporary clinical 

trials irrespective of treatment intensity (Østergaard et al., 2024). Similarly, that study 

concluded that certain treatment elements, in particular glucocorticoid and vincristine pulses 

during maintenance as well as the use of HD-MTX, may not be necessary for treatment of 

ETV6::RUNX1 patients, and further proposed the reduction of anthracyclines. The results of 

this study also suggest that HD-MTX is unnecessary in the treatment of patients with good 

risk genetics, as these patients were assigned to the high intensity group, which had the worst 

outcomes in both endpoints [Figures 45 and 46]. Several other studies have also investigated 

the effect of vincristine-steroid pulses during maintenance, concluding that they offer no 

additional benefit to overall survival (Guolla et al., 2023; Childhood Acute Lymphoblastic 

Leukaemia Collaborative, 2010; Hinze et al., 2017). Moreover, studies have found that 

anthracycline dosage can be reduced in patients with low levels of MRD and ETV6::RUNX1 

patients (Pieters et al., 2016; Schrappe et al., 2017; Pieters et al., 2023). Further analysis is 

required to determine the effect of dose reduction of individual drugs in this study cohort. 

Importantly, this study presents a novel approach to calculating the dose intensity of patients. 

This can be utilised to offer further insight into optimal dosages of patients, as well as the 

feasibility of de-escalation in multiple populations; an important step in the direction of 

personalised therapy. Furthermore, the development of a dataframe of daily drug dosages 

for patients treated on four consecutive UKALL trials allows for avenues of research previously 

unavailable to this cohort. Finally, this work provides a foundation for the exploration into the 
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use of machine learning algorithms for identifying ALL patients eligible for treatment de-

escalation; substantiating this approach to analysis in cancer research. This type of study 

could complement ongoing research in the field which, in addition to other applications, 

works to detect haematological disorders, classify patients into subtypes, predict the 

likelihood of relapse in newly diagnosed patients, and identify significant clinical and 

phenotypic risk factors (Das et al., 2022; Mahmood et al., 2020; Rehman et al., 2018; Das, 

Pradhan and Meher, 2021; Pan et al., 2017).  

6.4 Study strengths and limitations 

This study assembled a cohort of 9163 patients (including all genetic subtypes) with detailed 

treatment information and appended these data with daily drug dosage values, producing a 

resource for future analyses. The size of this cohort ensures strong statistical power and 

allows for further sub-classification of patients for subgroup specific analyses and 

comparison. A further benefit of this study is the development of a novel dose intensity score 

to aid in the classification of patients as well as for use in determining the minimal intensity 

of treatment required for cure. As dosages were employed directly into the model in the units 

with which they were prescribed, this allows for straightforward applicability to other 

datasets and studies. Finally, this study assessed the possibility that a treatment pathway on 

historic clinical trials may be optimal for cure of good risk genetic patients through its 

horizontal approach to the analysis, which is a novel approach to this type of research. 

There are several limitations to this study. Firstly, information regarding individual patients’ 

administered drug dosages were unavailable and were instead calculated from the protocols 

with the assumption that no major deviations from the treatment plan occurred. However, 

this is reasonable, as patients who experienced major deviations from the prescribed dose 

were often taken off trial, a factor that was accounted for in this study. A related limitation is 

that values were assigned for drugs which were prescribed with an escalating dose to toxicity, 

as this information was also not collected. Although these values were randomly assigned, a 

logical range was determined and a Normal distribution was used to assign the values, 

centred on the rationale that most patients will tolerate some escalation, but few will achieve 

the maximum possible dose, thus an approximately Normal distribution is to be expected. 

Furthermore, certain drugs appeared to have a disproportionate effect on the dose intensity 

scores due to the large variation in doses administered – in particular high dose methotrexate. 
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Thus, the relative dose intensity score will likely need modification to account for this factor 

before being taken forward. 

A further limitation to this study was the lack of pharmacokinetic, pharmacodynamic and 

pharmacogenomic data available. Thus, individual patient response to treatment was not able 

to be assessed, nor was the interactions between drugs at differing intensities. Therefore, it 

was assumed in this study that patient response was equivalent across the cohort, implying 

that dose intensity was stable amongst patients, not affected by drug-drug interactions, and 

bore no effect on toxicities; a known falsehood with several studies describing these effects 

within ALL treatment (Yang et al., 2008; Groninger et al., 2002; Csordas et al., 2013; Kawedia 

et al., 2011).  

Finally, one limitation to the machine learning element of this study was directly related to 

the imbalanced nature of the data. This imbalance stems from the fact that good risk patients 

have few events, resulting in an insignificant number of positive instances in the data. The 

extreme data imbalance seen within this cohort is classed as severely imbalanced, defined by 

majority-to-minority class ratios between 100:1 and 10,000:1 (Hasanin et al., 2019). This often 

results in machine learning algorithms having an inability to distinguish between majority and 

minority class samples due to a lack of examples to draw from to learn characteristic features 

of the minority class. Furthermore, with such a large imbalance, the algorithm can completely 

misclassify the minority class with little detriment to the overall accuracy score of the model, 

as only ~1% of cases are being incorrectly classified. As such, no algorithm was developed that 

could accurately classify patients by outcome using drug dosages, thus the findings of the 

relative dose intensity score could not be validated in this study. 

6.5 Future work 

The effect of different treatment elements on outcome were analysed separately in this 

project to assess the optimal number of delayed intensification required for treatment of 

good risk genetics patients, as well as to assess the benefit of assigning patients to regimens 

based on MRD status at the end of induction. However, further analysis should be performed 

to assess the combined effect of these elements through multivariate analysis, accounting for 

any possible interactions. This is essential as differences in outcome seen by these elements 
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may not be as a result of this factor independently, and instead may be influenced by several 

factors simultaneously, as no treatment element was used singularly.   

During this study, drug dosages for patients treated on four paediatric UKALL clinical trials 

were calculated using trial protocol information and appended to existing data. A 

recommended additional step would be to assess the validity of the assumptions made in this 

study by retrieving data from electronic health records held by the NHS regarding the actual 

doses administered to patients. A feasible approach to this would be to secure this data for a 

representative subset of patients and determine if their estimated doses align with their 

actual doses. If there is no significant difference between the values for this representative 

cohort, then it could be assumed that this is the case for all patients in this study. A long-term 

goal would be to acquire these data for all patients in the study and update the dataframe 

with the accurate values and recalculate the dose intensity score to reflect this. This would 

further the advancement towards individualised therapy with each patient having an intensity 

score calculated based on the amount of therapy tolerated.  

Although not possible in this study due to the lack of data, validation of the dose intensity 

score should be performed in a dataset for which pharmaco-kinetic, -dynamic, and –genomic 

data are available. Therefore, one could determine if the dose intensity score accurately 

appropriates the true intensity received by patients when individual drug metabolisation is 

accounted for in the analysis. Additionally, if the dose intensity score cannot be validated 

within this cohort, these data could be used as variables to build an alternative dose intensity 

score. This would improve upon the accuracy of the dose intensity score, helping to assign 

therapy more precisely as well as allow for each patient’s personal response to therapy to be 

a factor in their treatment. 

Lastly, a preferable approach to resolve the issue of imbalanced data for machine learning 

would be to obtain more data of positive cases from other studies. This would allow the 

algorithms to have more cases to learn from and improve classification of these patients of 

interest. Should real-world data be unavailable, one could consider the use of synthetically 

generated data as was exemplified by Eckardt et al. in acute myeloid leukaemia (Eckardt et 

al., 2024). An alternative avenue would be to include more features for the model to consider, 

or use samples with a wider array of values in the original features in order to give the 
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algorithm more heterogeneity in the feature space; an important component of model 

building in machine learning (Xiao and Wang, 2019; Woodward et al., 2022; Sahoo et al., 

2022). This results in data for which there are differences in the features between the classes, 

allowing the algorithm to split the classes more effectively.  

Should additional data be unavailable, other machine learning algorithms or resampling/ 

weighting techniques could be explored. There are a wealth of classification algorithms each 

with different approaches and strengths, making them particularly suited to certain tasks 

(Singh, Thakur and Sharma, 2016; Suyal and Goyal, 2022; Sen, Hajra and Ghosh, 2020). It was 

only possible to assess the utility of three algorithms during this project, however many others 

could be applied to this data such as artificial neural networks, logistic regression, support 

vector machine (SVM), naïve bayes, and K-nearest neighbour (KNN) models.  

Furthermore, as imbalanced data is a major issue in real-world applications of ML algorithms, 

various methods have been proposed to solve this issue which can be classified into four 

groups: (1) data pre-processing or resampling methods, (2) algorithm level methods, (3) 

ensemble methods, and (4) cost-sensitive methods. Methods 1, 3, and 4 were explored within 

this project in the form of under- and over-sampling, ensemble methods, and class weighting 

respectively. However, algorithm level methods have yet to be explored. Therefore, 

approaches to modify the underlying learner to reduce bias towards the majority group could 

be explored (Johnson and Khoshgoftaar, 2019). Alternative techniques include adjusting the 

decision threshold to an optimal threshold according to a balanced accuracy metric (such as 

the F1-score), utilising a one-class classifier which learns how to identify only the minority 

class, thus giving the model the ability to separate them from outliers (i.e. the majority class), 

or algorithms developed specifically to handle imbalanced data (Esposito et al., 2021; 

Fernández et al., 2018a; Puri and Kumar Gupta, 2022).  

6.6 Final summary 

In summary, this study has successfully assembled a dataframe of both drug dosage and 

patient-level information including demographic, genetic, treatment, and outcome data for 

patients on four consecutive clinical trials. Furthermore, a novel dose intensity score has been 

developed which can be utilised in further studies to identify optimal doses for cure of ALL 

patients. Survival analysis of treatment elements and dose intensity has confirmed that 
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treatment de-escalation is possible for patients with good risk genetics and the outcome of 

these patients on both UKALL2003 and UKALL2011 supports the use of one delayed 

intensification and lower intensity regimens in these subgroups.  Additionally, this thesis 

provides a basis for machine learning to be used alongside traditional statistical methods in 

determining optimal treatment elements and intensity. These findings advance efforts 

towards personalised therapy with the goal of reducing toxicity and long-term late effects in 

children treated for acute lymphoblastic leukaemia.  
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Supplementary Table 1. Mean dose intensity score, relative dose intensity score, and area 

under the curve dose intensity score for each major pathway. 

Trial Gender Pathway 
Total number of 

patients 

DIS 

Mean 

Relative 

DIS Mean 

AUC DIS 

Mean 

UKALLXI92 - IT-MTX 310 2969.945 8.417126 65222.72 

UKALLXI92 - IT-MTX 3rd Block 305 3830.045 9.258546 67920.96 

UKALLXI92 - HD-MTX 379 6388.119 101.6981 90566.28 

UKALLXI92 - HD-MTX 3rd Block 388 7299.737 103.4396 93261.36 

UKALL97 - IT-MTX 149 3725.804 9.219065 58291.26 

UKALL97 - IT-MTX 3rd Block 522 4546.156 10.04801 62422.02 

UKALL97 - HD-MTX 22 7465.188 111.104 85301.08 

UKALL97 - HD-MTX 3rd Block 69 8158.428 108.6123 87709.61 

UKALL97/99 Boys Regimen A 327 4429.187 9.476793 93339.67 

UKALL97/99 Girls Regimen A 225 4503.288 9.522294 67656.29 

UKALL97/99 Boys Regimen B 128 5078.268 9.807615 100606.3 

UKALL97/99 Girls Regimen B 96 5030.447 9.776126 70127.16 

UKALL97/99 Boys Regimen C 81 4963.047 11.31385 117281.1 

UKALL97/99 Girls Regimen C 57 4967.822 11.25777 88078.03 

UKALL2003 Boys Regimen A 1 DI 271 3155.62 6.314819 106707.5 

UKALL2003 Girls Regimen A 1 DI 221 3160.693 6.327886 73334.58 

UKALL2003 Boys Regimen A 2 DI 570 4308.406 9.594157 107006.4 

UKALL2003 Girls Regimen A 2 DI 475 4306.945 9.582844 73308.11 

UKALL2003 Boys Regimen B 1 DI 150 3592.254 6.561718 110057.6 

UKALL2003 Girls Regimen B 1 DI 122 3598.669 6.571328 76680.39 

UKALL2003 Boys Regimen B 2 DI 359 4731.47 9.836128 110360.4 

UKALL2003 Girls Regimen B 2 DI 211 4728.394 9.808467 76655.17 

UKALL2003 Boys Regimen C 2 DI 350 3813.46 12.51463 111285.8 

UKALL2003 Girls Regimen C 2 DI 271 3816.092 12.57481 77606.94 

UKALL2011 Boys 
Regimen A SIM no 

pulses 
51 3102.917 5.912716 95094.84 
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Trial Gender Pathway 
Total number of 

patients 

DIS 

Mean 

Relative 

DIS Mean 

AUC DIS 

Mean 

UKALL2011 Girls 
Regimen A SIM no 

pulses 
32 3092.257 5.895517 65511.95 

UKALL2011 Boys 
Regimen A SIM 

pulses 
176 3153.51 5.934528 106416.3 

UKALL2011 Girls 
Regimen A SIM 

pulses 
179 3154.166 5.929325 72738.68 

UKALL2011 Boys 
Regimen A HDM 

no pulses 
44 4951.68 86.43588 112554.9 

UKALL2011 Girls 
Regimen A HDM 

no pulses 
41 4957.571 86.47898 83110.68 

UKALL2011 Boys 
Regimen A HDM 

pulses 
45 5024.188 86.54027 124031.9 

UKALL2011 Girls 
Regimen A HDM 

pulses 
30 5002.843 86.473 90198.65 

UKALL2011 Boys 
Regimen B SIM no 

pulses 
32 3545.162 6.124535 99031.93 

UKALL2011 Girls 
Regimen B SIM no 

pulses 
23 3549.468 6.138439 69574.96 

UKALL2011 Boys 
Regimen B SIM 

pulses 
95 3593.299 6.141642 110331.5 

UKALL2011 Girls 
Regimen B SIM 

pulses 
84 3596.104 6.148249 76665.22 

UKALL2011 Boys 
Regimen B HDM 

no pulses 
34 5404.489 86.75048 116577.1 

UKALL2011 Girls 
Regimen B HDM 

no pulses 
23 5397.78 86.65887 87023.38 

UKALL2011 Boys 
Regimen B HDM 

pulses 
35 5457.283 86.75785 127917.2 
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Trial Gender Pathway 
Total number of 

patients 

DIS 

Mean 

Relative 

DIS Mean 

AUC DIS 

Mean 

UKALL2011 Girls 
Regimen B HDM 

pulses 
31 5442.472 86.76857 94110.26 

UKALL2011 Boys 
Regimen C Capizzi 

no pulses 
77 2867.592 7.497891 100179.2 

UKALL2011 Girls 
Regimen C Capizzi 

no pulses 
57 2848.082 6.929655 70702.63 

UKALL2011 Boys 
Regimen C Capizzi 

pulses 
194 2909.032 7.497681 111489 

UKALL2011 Girls 
Regimen C Capizzi 

pulses 
146 2904.874 7.298534 77800.96 

UKALL2011 Boys 
Regimen C HDM 

no pulses 
79 5468.094 97.17908 121610.1 

UKALL2011 Girls 
Regimen C HDM 

no pulses 
44 5461.388 97.11375 92062.31 

UKALL2011 Boys 
Regimen C HDM 

pulses 
78 5514.158 97.28083 132897.4 

UKALL2011 Girls 
Regimen C HDM 

pulses 
56 5508.164 97.17373 99202.05 

Supplementary Table 1. Mean dose intensity score, relative dose intensity score, and area 

under the curve dose intensity score for each major pathway. DIS: dose intensity score, AUC: 

area under the curve, IT-MTX: intrathecal methotrexate, HD-MTX: high dose methotrexate, 

DI: delayed intensification, SIM: standard interim maintenance, HDM: high dose 

maintenance.  
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Supplementary Table 2. Summary of the accuracy, F1-scores, ROC area under the curve, K-

fold cross-validation minimum and maximum accuracy scores, the root features, 2nd split 

features, pruning technique, imbalanced class solution, and ranking of every decision tree 

produced in the ETV6::RUNX1 subgroup. 

Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

Chestnut Features: Trial, Total Drug Dosages. Class: 4 class outcome 

1 0.89 

 0.97, 
0.17, 
0.04, 
0.00  

0.92 0.84 0.92 Cyt ≤ 2460 
Vin ≤  87.45                                    

St ≤  8229.575 
None None Poor 

2 0.92 

 0.96, 
0.00, 
0.08, 
0.00 

0.96 0.87 0.95 Cyt ≤ 2460 
St ≤ 8829.575                                        

- 

Cost 
Complexity 

Pruning: 
alpha = 
0.00175 

None Poor 

3 0.92 

 1, 
0.00, 
0.00, 
0.00 

0.96 0.87 0.95 Cyt ≤ 2460 
Cyt ≤  

1240.0                                         
Asp ≤  17500.0 

GridSearch
CV:                                          

Max depth 
= 2,                                  
Max 

features = 
4 

None Poor 

4 0.92 

 0.96, 
0.00, 
0.07, 
0.00 

0.95 0.86 0.95 Cyt ≤ 2460 
Vin ≤  87.45                                      

St ≤  8229.575 
Max depth 

5 
None Poor 

5 0.53 

 0.68, 
0.09, 
0.12, 
0.07 

0.84 0.46 0.58 
Asp ≤ 

20000.0 
Anth ≤  233.75                                    
St ≤  6955.85 

None 
Balanced 

class 
weights 

Poor 

6 0.6 

 0.75, 
0.06, 
0.12, 
0.03 

0.73 0.22 0.49 
Asp ≤ 

20000.0 
Anth ≤  233.75                                            
St ≤  6955.85 

Cost 
Complexity 

Pruning: 
alpha = 
0.006 

Balanced 
class 

weights 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

7 0.74 

 0.86, 
0.00, 
0.00, 
0.02 

0.75 0.21 0.36 
Asp ≤ 

20000.0 
Cyt ≤  2080.0                                    

Meth ≤ 3133.2  

GridSearch
CV:                                         

Max depth 
= 2,                           
Max 

features = 
2 

Balanced 
class 

weights 
Poor 

8 0.36 

 0.55, 
0.03, 
0.00, 
0.01 

0.64 0.11 0.32 
Asp ≤ 

20000.0 
   Anth ≤  233.75                                               

- 
Max depth 

5 

Balanced 
class 

weights 
Poor 

Oak Features: Trial, Reg, DI, steroid received and purine received. Class: 4 class outcome 

9 0.9 

 0.95, 
0.00, 
0.00, 
0.00 

0.94 0.88 0.94 Reg ≤ 1.5 
Purine ≤  0.5                           

Trial ≤ 2.5 
None None Poor 

10 0.9 

 0.95, 
0.00, 
0.00, 
0.00 

0.95 0.88 0.94 Reg ≤ 1.5 
 -                                                            

Trial ≤ 2.5 

Cost 
Complexity 

Pruning: 
alpha = 
0.0007 

None Poor 

11 0.9 

 0.95, 
0.00, 
0.00, 
0.00  

0.95 0.88 0.94 Steroid ≤ 0.5 
DI ≤  1.5                                            

Purine ≤ 0.5 

GridSearch
CV:                                    

Max depth 
= 2,                               
Max 

features = 
1 

None Poor 

12 0.9 

 0.95, 
0.00, 
0.00, 
0.00 

0.95 0.88 0.94 Reg ≤ 1.5 
Purine ≤  0.5                                                

DI ≤ 1.5 
Max depth 

5 
None Poor 

13 0.57 

 0.74, 
0.03, 
0.00, 
0.11 

0.68 0.12 0.37 DI ≤ 1.5 
Reg ≤  0.5                                         

Purine ≤ 0.5 
None 

Balanced 
class 

weights 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

14 0.57 

 0.74, 
0.03, 
0.00, 
0.12 

0.65 0.01 0.76 DI ≤ 1.5 
Reg ≤  0.5                                           

Purine ≤ 0.5 

Cost 
complexity 

pruning: 
alpha = 

0.01 

Balanced 
class 

weights 
Poor 

15 0.59 

 0.75, 
0.06, 
0.09, 
0.13 

0.65 0.15 0.73 DI ≤ 1.5 
Reg ≤  0.5                                               
Reg ≤  0.5 

GridSearch
CV:                          

max depth 
= 3,                         
max 

features = 
3 

Balanced 
class 

weights 
Poor 

16 0.56 

 0.73, 
0.02, 
0.00, 
0.13 

0.64 0.12 0.53 DI ≤ 1.5 
Reg ≤  0.5                                          

Purine ≤ 0.5 
Max depth 

5 

Balanced 
class 

weights 
Poor 

Elm Features: Trial, DI, steroid received and purine received. Class: 4 class outcome 

17 0.92 

 0.96, 
0.00, 
0.00, 
0.00 

0.96 0.87 0.95 DI ≤ 2.5 
Steroid ≤  0.5                       
Steorid ≤ 0.5 

None None Poor 

18 0.92 

 0.96, 
0.00, 
0.00, 
0.00 

0.96 0.87 0.95 - - 

Cost 
Complexity 

Pruning: 
alpha = 0.2 

None Poor 

19 0.92 

 0.96, 
0.00, 
0.00, 
0.00  

0.96 0.87 0.95 DI ≤ 2.5 
Steroid ≤ 0.5                      
Steroid ≤ 0.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
1 

None Poor 

20 0.92 

 0.96, 
0.00, 
0.00, 
0.00  

0.96 0.87 0.95 DI ≤ 2.5 
Steroid ≤ 0.5                      
Steroid ≤ 0.5 

Max depth 
5 

None Poor 

21 0.25 

 0.40, 
0.01, 
0.10, 
0.03 

0.59 0.18 0.29 Purine ≤ 0.5 
Trial ≤  1.5                                                

DI ≤ 2.5 
None 

Balanced 
class 

weights 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

22 0.02 

 0.00, 
0.00, 
0.18, 
0.02 

0.5 0.05 0.79 Purine ≤ 0.5 
Trial ≤  

1.5                                             
- 

Cost 
complexity 

pruning: 
alpha = 
0.007 

Balanced 
class 

weights 
Poor 

23 0.8 

 0.89, 
0.17, 
0.18, 
0.00 

0.78 0.39 0.76 Purine ≤ 0.5 
Trial ≤  1.5                                             

DI ≤ 2.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
3 

Balanced 
class 

weights 
Poor 

24 0.25 

 0.40, 
0.01, 
0.10, 
0.03 

0.59 0.18 0.29 Purine ≤ 0.5 
Trial ≤  1.5                                             

DI ≤ 2.5 
Max depth 

5 

Balanced 
class 

weights 
Poor 

Chestnut Features: Trial, Total Drug Dosages. Class: 2 class outcome - RR 

25 0.92 
 0.96, 
0.10  

0.43 0.9 0.9 Cyt ≤ 2370.0 
Asp ≤  6500.0                                          
St ≤ 7741.438 

None None Poor 

26 0.93 
 0.97, 
0.06        

0.55 0.9 0.9 Cyt ≤ 2370.0 
-                                                     

St ≤ 7741.438 

Cost 
complexity 

pruning: 
alpha = 
0.0016 

None Poor 

27 0.93 
 0.96, 
0.00       

0.64 0.9 0.9 Asp ≤ 4250.0 
Vin ≤  68.25                                     
Cyt ≤ 2460.0 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
1 

None Poor 

28 0.93 
 0.96, 
0.00       

0.61 0.9 1.0 Cyt ≤ 2370.0 
Asp ≤  6500.0                                   
St ≤ 7741.438 

Max depth 
5 

None Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

29 0.66 
 0.79, 
0.10  

0.41 0.7 0.8 Asp ≤ 4250.0 
Meth ≤  21972.5                                    
Meth ≤ 2013.6 

None 
Balanced 

class 
weights 

Poor 

30 0.79 
 0.88, 
0.22  

0.63 0.6 0.8 Asp ≤ 4250.0 
Meth ≤  21972.5                                  
Meth ≤ 2013.6 

Cost 
complexity 

pruning: 
alpha = 
0.0025 

Balanced 
class 

weights 
Poor 

31 0.76 
 0.86, 
0.12   

0.46 0.6 0.7 Asp ≤ 4250.0 
Meth ≤ 
21972.5                                   

Vin ≤ 24.75 

GridSearch
CV:                          

max depth 
= 8,                         
max 

features = 
3 

Balanced 
class 

weights 
Poor 

32 0.72 
 0.83, 
0.19  

0.71 0.5 0.8 Asp ≤ 4250.0 
Meth ≤  21972.5                               
Meth ≤ 2013.6 

Max depth 
5 

Balanced 
class 

weights 
Poor 

Chestnut Features: Trial, Total Drug Dosages. Class: 4 class outcome 

33 0.83 

 0.79, 
0.91, 
0.76, 
0.86 

0.92 0.81 0.88 Cyc ≤ 1200.5 
Purine ≤  
40586.0                                 

Vin ≤ 68.5 
None 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

34 0.7 

 0.64, 
0.80, 
0.62, 
0.74 

0.91 0.67 0.74 Cyc ≤ 1200.5 
Purine ≤  
40586.0                                 

Vin ≤ 68.5 

Cost 
complexity 

pruning: 
alpha = 
0.003 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

35 0.83 

 0.80, 
0.89, 
0.77, 
0.85 

0.93 0.81 0.87 Cyc ≤ 1200.5 
Cyt ≤  600.5                                  
Anth ≤ 218.5 

GridSearch
CV:                          

max depth 
= 14,                         
max 

features = 
4 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

36 0.61 

 0.53, 
0.72, 
0.49, 
0.69 

0.85 0.62 0.65 Cyc ≤ 1200.5 
Purine ≤  
40586.0                                  

Vin ≤ 68.5 

Max depth 
5 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

Chestnut Features: Trial, Total Drug Dosages. Class: 2 class outcome - RD 

37 0.98 
 0.99, 
0.36    

0.64 0.97 1.00 
Asp ≤ 

20000.0 
St ≤  2231.938                               
St ≤ 6955.85 

None None Poor 

38 0.98 
 0.99, 
0.00  

0.47 0.97 1.00 
Asp ≤ 

20000.0 
St ≤  2231.938                                            

- 

Cost 
complexity 

pruning: 
alpha = 
0.0008 

None Poor 

39 0.99 
 0.99, 
0.00  

0.46 0.97 1.00 
Asp ≤ 

20000.0 
Cyt ≤  1710.0                                       

Meth ≤ 2460.0 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
4 

None Poor 

40 0.99 
 0.99, 
0.00     

0.5 0.97 1.00 
St ≤ 

2231.938 
Asp ≤  7000.0                                         
Cyt ≤ 2460.0 

Max depth 
5 

None Poor 

41 0.91 
 0.95, 
0.09   

0.64 0.82 0.91 
Purine ≤ 
78592.5 

Cyt ≤  
1710.0                                              

- 
None 

Balanced 
class 

weights 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

42 0.76 
 0.86, 
0.04        

0.57 0.12 0.46 
Purine ≤ 
78592.5 

Cyt ≤  1710.0                                               
- 

Cost 
complexity 

pruning: 
alpha = 

0.01 

Balanced 
class 

weights 
Poor 

43 0.91 
 0.95, 
0.10  

0.64 0.82 0.92 Asp ≤ 7700.0 
Vin ≤  49.875                                              
St ≤ 9345.438 

GridSearch
CV:                          

max depth 
= 13,                         
max 

features = 
1 

Balanced 
class 

weights 
Poor 

44 0.65 
 0.79, 
0.03        

0.51 0.47 0.81 
Purine ≤ 
78592.5 

Cyt ≤  1710.0                                                
- 

Max depth 
5 

Balanced 
class 

weights 
Poor 

Chestnut Features: Trial, Total Drug Dosages. Class: 4 class outcome 

45 0.89 

 0.94, 
0.86, 
0.90, 
0.85 

0.93 0.85 0.92 Asp ≤ 3005.0 
Cyc ≤  1074.0                                   

Purine ≤ 
51231.0 

None 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

46 0.85 

 0.93, 
0.79, 
0.86, 
0.84 

0.96 0.80 0.88 Asp ≤ 3005.0 
-                                                

Purine ≤ 
51231.0 

Cost 
complexity 

pruning: 
alpha = 

0.01 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

47 0.87 

 0.94, 
0.83, 
0.88, 
0.84 

0.96 0.82 0.92 Asp ≤ 3005.0 
Cyt ≤  644.5                                    

Purine ≤ 
51231.0 

GridSearch
CV:                          

max depth 
= 7,                         
max 

features = 
7 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

48 0.86 

 0.93, 
0.81, 
0.86, 
0.84  

0.97 0.80 0.90 Asp ≤ 3005.0 
Cyc ≤  1074.0                

Purine ≤ 
51231.0 

Max depth 
5 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 

49 0.52 

 0.75, 
0.36, 
0.50, 
0.53  

0.66 0.38 0.71 
Meth ≤ 
2048.5 

Meth ≤  2037.5                             
Meth ≤ 2160.0 

None 
Undersampli
ng: Nearmiss 

version 1 
Poor 

50 0.52 

 0.75, 
0.46, 
0.46, 
0.50  

0.78 0.25 0.75 
Meth ≤ 
2048.5 

Meth ≤  
2037.5                                  

Meth ≤ 2160.0 

Cost 
complexity 

pruning: 
alpha = 

0.02 

Undersampli
ng: Nearmiss 

version 1 
Poor 

51 0.52 

 0.67, 
0.36, 
0.50, 
0.57 

0.66 0.38 1.00 Asp ≤ 3400.0 
Trial ≤  3.5                                           

Meth ≤ 2120.5 

GridSearch
CV:                          

max depth 
= 4,                         
max 

features = 
3 

Undersampli
ng: Nearmiss 

version 1 
Poor 

52 0.26 

 0.33, 
0.43, 
0.00, 
0.00 

0.55 0.13 0.75 
Meth ≤ 
2048.2 

- 
Max depth 

5 

Undersampli
ng: Nearmiss 

version 1 
Poor 



 

235 

 

Tree  Acc 
F1-
Score 

AUC 
CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 
Class 
solution 

Ranking 

Oak Features: Trial, Reg, DI, steroid received, purine received. Class: 2 class outcome RR 

53 0.91 
 0.95, 
0.00  

0.51 0.91 0.95 Reg ≤ 1.5 
Steroid ≤  0.5                                  
Steroid ≤  0.5 

None None Poor 

54 0.91 
 0.95, 
0.00     

0.51 0.89 0.95 Reg ≤ 1.5 - 

Cost 
complexity 

pruning: 
alpha = 
0.001 

None Poor 

55 0.91 
 0.95, 
0.00        

0.55 0.89 0.95 Steroid ≤ 0.5 
DI ≤  1.5                                           

Purine ≤ 0.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
1 

None Poor 

56 0.91 
 0.95, 
0.00       

0.54 0.89 0.95 Reg ≤ 1.5 
Steroid ≤  0.5                               

Trial ≤ 3.5 
Max depth 

5 
None Poor 

57 0.73 
 0.84, 
0.17       

0.51 0.57 0.70 Reg ≤ 1.5 
Steroid ≤  0.5                                 
Steroid ≤  0.5 

None 
Balanced 

class 
weights 

Poor 

58 0.81 
 0.89, 
0.12     

0.51 0.60 0.87 Reg ≤ 1.5 - 

Cost 
complexity 

pruning: 
alpha = 
0.006 

Balanced 
class 

weights 
Poor 

59 0.76 
 0.86, 
0.16  

0.54 0.55 0.81 Reg ≤ 1.5 
Steroid ≤  0.5                     
Steroid ≤ 0.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
4 

Balanced 
class 

weights 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

60 0.73 
 0.84, 
0.18   

0.54 0.57 0.69 Reg ≤ 1.5 
Steroid ≤  0.5                                

Trial ≤ 3.5 
Max depth 

5 

Balanced 
class 

weights 
Poor 

Oak Features: Trial, Reg, DI, steroid received, purine received. Class: 4 class outcome 

61 0.42 

 0.23, 
0.45, 
0.45, 
0.51 

0.73 0.40 0.44 DI ≤ 1.5 
Reg ≤  0.5                                       
Reg ≤ 0.5 

None 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

62 0.42 

 0.23, 
0.43, 
0.45, 
0.51 

0.71 0.40 0.43 DI ≤ 1.5 
Reg ≤  0.5                                               
Reg ≤ 0.5 

Cost 
complexity 

pruning: 
alpha = 
0.0025 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

63 0.42 

 0.23, 
0.45, 
0.45, 
0.51  

0.73 0.40 0.43 DI ≤ 1.5 
Reg ≤  0.5                                               
Reg ≤ 0.5 

GridSearch
CV:                          

max depth 
= 5,                         
max 

features = 
3 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

64 0.42 

 0.23, 
0.45, 
0.45, 
0.51 

0.73 0.40 0.43 DI ≤ 1.5 
Reg ≤  0.5                                                
Reg ≤ 0.5 

Max depth 
5 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

Oak Features: Trial, Reg, DI, steroid received, purine received. Class: 2 class outcome - RD 

65 0.98 
 0.99, 
0.00  

0.65 0.97 1.00 Reg ≤ 1.5 
Purine ≤ 0.5                                    
Trial ≤ 2.5 

None None Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

66 0.98 
 0.99, 
0.00    

0.5 0.97 1.00 - - 

Cost 
complexity 

pruning: 
alpha = 
0.0008 

None Poor 

67 0.98 
 0.99, 
0.00      

0.3 0.97 1.00 Steroid ≤ 0.5 
DI ≤  1.5                                   

Purine ≤ 0.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
1 

None Poor 

68 0.98 
 0.99, 
0.00     

0.64 0.97 1.00 Reg ≤ 1.5 
Purine ≤ 0.5                                    
Trial ≤ 3.5 

Max depth 
5 

None Poor 

69 0.81 
 0.89, 
0.03  

0.65 0.52 0.65 Reg ≤ 0.5 
Trial ≤  3.5                                   

DI ≤ 1.5 
None 

Balanced 
class 

weights 
Poor 

70 0.82 
 0.90, 
0.05                                   

0.7 0.45 0.92 Reg ≤ 0.5 
Trial ≤  3.5                                   

DI ≤ 1.5 

Cost 
complexity 

pruning: 
alpha = 
0.018 

Balanced 
class 

weights 
Poor 

71 0.8 
 0.89, 
0.05     

0.78 0.50 0.84 Reg ≤ 0.5 
Trial ≤  3.5                                   

DI ≤ 1.5 

GridSearch
CV:                          

max depth 
= 5,                         
max 

features = 
3 

Balanced 
class 

weights 
Poor 

72 0.76 
 0.86, 
0.04  

0.74 0.43 0.57 Reg ≤ 0.5 
Trial ≤  

3.5                                                  
DI ≤ 1.5 

Max depth 
5 

Balanced 
class 

weights 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

Oak Features: Trial, Reg, DI, steroid received, purine received. Class: 4 class outcome 

73 0.44 

 0.51, 
0.55, 
0.00, 
0.46 

0.72 0.39 0.51 DI ≤ 1.5 
Trial ≤  3.5                                
Trial ≤ 2.5 

None 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

74 0.4 

 0.51, 
0.32, 
0.00, 
0.45 

0.69 0.34 0.46 DI ≤ 1.5 
-                                                       

Trial ≤ 2.5 

Cost 
complexity 

pruning: 
alpha = 
0.034 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

75 0.42 

 0.51, 
0.56, 
0.00, 
0.33 

0.71 0.37 0.51 DI ≤ 1.5 
Reg ≤  1.5                                                
Reg ≤  0.5    

GridSearch
CV:                          

max depth 
= 3,                         
max 

features = 
2 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

76 0.42 

 0.51, 
0.47, 
0.00, 
0.44 

0.7 0.39 0.51 DI ≤ 1.5 
Trial ≤ 3.5                                 
Trial ≤ 2.5 

Max depth 
5 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

77 0.28 

 0.43, 
0.40, 
0.00, 
0.20 

0.56 0.17 0.67 DI ≤ 1.5 
Reg ≤  0.5                                
Trial ≤ 2.5 

None 
Undersampli
ng: Nearmiss 

version 1 
Poor 

78 0.28 

 0.43, 
0.40, 
0.00, 
0.20 

0.56 0.17 0.67 DI ≤ 1.5 
Reg ≤  0.5                                
Trial ≤ 2.5 

Cost 
complexity 

pruning: 
alpha = 
0.019 

Undersampli
ng: Nearmiss 

version 1 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

79 0.28 

 0.43, 
0.40, 
0.00, 
0.20 

0.56 0.17 0.67 DI ≤ 1.5 
Reg ≤  0.5                                               
Trial ≤ 2.5 

GridSearch
CV:                          

max depth 
= 3,                         
max 

features = 
5 

Undersampli
ng: Nearmiss 

version 1 
Poor 

80 0.28 

 0.43, 
0.40, 
0.00, 
0.20  

0.56 0.00 0.67 DI ≤ 1.5 
Reg ≤  0.5                                              
Trial ≤ 2.5 

Max depth 
5 

Undersampli
ng: Nearmiss 

version 1 
Poor 

Elm Features: Trial, DI, steroid received, purine received. Class: 2 class outcome - RR 

81 0.93 
 0.96, 
0.00       

0.51 0.89 0.96 Steroid ≤ 0.5 
Trial ≤  3.5                                              
DI ≤  2.5 

None None Poor 

82 0.93 
 0.96, 
0.00                                 

0.55 0.89 0.96 Steroid ≤ 0.5 - 

Cost 
complexity 

pruning: 
alpha = 
0.0016 

None Poor 

83 0.93 
 0.96, 
0.00         

0.57 0.89 0.96 DI ≤ 2.5 
Steroid ≤  0.5                          
Steroid ≤  0.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
1 

None Poor 

84 0.93 
 0.96, 
0.00 

0.55 0.89 0.96 Steroid ≤ 0.5 
Trial ≤  3.5                                                  
DI ≤  2.5  

Max depth 
5 

None Poor 

85 0.8 
 0.89, 
0.12      

0.51 0.58 0.81 Steroid ≤ 0.5 
Trial ≤  3.5                                                
DI ≤  2.5  

None 
Balanced 

class 
weights 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

86 0.83 
 0.90, 
0.16   

0.55 0.77 0.86 Steroid ≤ 0.5 
-                                                                  

DI ≤  2.5 

Cost 
complexity 

pruning: 
alpha = 
0.004 

Balanced 
class 

weights 
Poor 

87 0.83 
 0.90, 
0.16  

0.58 0.58 0.83 Steroid ≤ 0.5 
Trial ≤  

3.5                                                  
DI ≤ 2.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
4 

Balanced 
class 

weights 
Poor 

88 0.83 
 0.91, 
0.12    

0.55 0.58 0.82 Steroid ≤ 0.5 
Trial ≤  

3.5                                                
DI ≤ 2.5 

Max depth 
5 

Balanced 
class 

weights 
Poor 

Elm Features: Trial, DI, steroid received, purine received. Class: 4 class outcome 

89 0.39 

 0.04, 
0.46, 
0.43, 
0.42  

0.67 0.37 0.43 

 

DI ≤ 2.5 

 

DI ≤ 
1.5                                              

Purine ≤  0.5 
None 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

90 0.39 

 0.00, 
0.46, 
0.43, 
0.44 

0.67 0.37 0.43 DI ≤ 2.5 
DI ≤ 1.5                                               

Purine ≤  0.5 

Cost 
complexity 

pruning: 
alpha = 
0.002 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

91 0.39 

 0.04, 
0.46, 
0.43, 
0.42 

0.67 0.37 0.43 DI ≤ 2.5 
Steroid ≤  0.5                           
Steroid ≤  0.5 

GridSearch
CV:                          

max depth 
= 5,                         
max 

features = 
1 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

92 0.37 

 0.04, 
0.41, 
0.43, 
0.42 

0.66 0.37 0.43 DI ≤ 2.5 
DI ≤ 1.5                                              

Purine ≤  0.5 
Max depth 

5 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

Elm Features: Trial, DI, steroid received, purine received. Class: 2 class outcome - RD 

93 0.99 
 0.99, 
0.00     

0.49 0.97 1.00 Purine ≤ 0.5 
Trial ≤  3.5                                       

DI ≤ 2.5 
None None Poor 

94 0.99 
 0.99, 
0.00      

0.5 0.97 1.00 - - 

Cost 
complexity 

pruning: 
alpha = 
0.0008 

None Poor 

95 0.99 
 0.99, 
0.00      

0.58 0.97 1.00 DI ≤ 2.5 
Steroid ≤  0.5                                       
Steroid ≤  0.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
1 

None Poor 

96 0.99 
 0.99, 
0.00         

0.48 0.97 1.00 Purine ≤ 0.5 
Trial ≤  3.5                                       
DI ≤  2.5 

Max depth 
5 

None Poor 

97 0.59 
 0.74, 
0.02 

0.49 0.42 0.90 Purine ≤ 0.5 
Trial ≤  1.5                                       
DI ≤  2.5 

None 
Balanced 

class 
weights 

Poor 

98 0.91 
 0.95, 
0.09      

0.63 0.02 0.94 Purine ≤ 0.5 - 

Cost 
complexity 

pruning: 
alpha = 
0.012 

Balanced 
class 

weights 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

99 0.87 
 0.93, 
0.07     

0.64 0.32 0.95 DI ≤ 2.5 
Steroid ≤  0.5                                
Steroid ≤ 0.5 

GridSearch
CV:                          

max depth 
= 3,                         
max 

features = 
1 

Balanced 
class 

weights 
Poor 

100 0.58 
 0.74, 
0.02         

0.48 0.41 0.90 Purine ≤ 0.5 
Trial ≤  1.5                                       
DI ≤  2.5 

Max depth 
5 

Balanced 
class 

weights 
Poor 

Elm Features: Trial, DI, steroid received, purine received. Class: 4 class outcome 

101 0.4 

0.46, 
0.71, 
0.00, 
0.00 

0.71 0.34 0.52 Trial ≤ 2.5 
-                                                                      

DI ≤ 1.5 
None 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

102 0.4 

0.46, 
0.71, 
0.00, 
0.00 

0.71 0.34 0.52 Trial ≤ 2.5 
-                                                                      

DI ≤ 1.5 

Cost 
complexity 

pruning: 
alpha = 

0.04 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

103 0.4 

0.46, 
0.71, 
0.00, 
0.00 

0.71 0.34 0.52 DI ≤ 1.5 
Trial ≤  3.5                                
Trial ≤  2.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
1 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

104 0.4 

0.46, 
0.71, 
0.00, 
0.00 

0.71 0.34 0.52 Trial ≤ 2.5 
-                                                                      

DI ≤ 1.5 
Max depth 

5 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

105 0.35 

0.32, 
0.77, 
0.00, 
0.00 

0.72 0.14 0.43 Trial ≤ 2.5 
-                                                                      

DI ≤ 1.5 
None 

Undersampli
ng: Nearmiss 

version 1 
Poor 

106 0.42 

0.32, 
0.77, 
0.00, 
0.00 

0.72 0.14 0.43 Trial ≤ 2.5 
-                                                                      

DI ≤ 1.5 

Cost 
complexity 

pruning: 
alpha = 
0.035 

Undersampli
ng: Nearmiss 

version 1 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

107 0.35 

0.32, 
0.77, 
0.00, 
0.00  

0.72 0.00 0.43 DI ≤ 1.5 
Trial ≤  3.5                                      
Trial ≤ 2.5 

GridSearch
CV:                          

max depth 
= 3,                         
max 

features = 
1 

Undersampli
ng: Nearmiss 

version 1 
Poor 

108 0.35 

0.32, 
0.77, 
0.00, 
0.00  

0.72 0.14 0.43 Trial ≤ 2.5 
-                                                                      

DI ≤ 1.5 
Max depth 

5 

Undersampli
ng: Nearmiss 

version 1 
Poor 

Chestnut Features: Total drug dosages, Trial. Class: 2 Class outcome RR 

109 0.95 
0.95, 
0.95 

0.97 0.92 1.00 St ≤ 9621.5 
-                                                                      

Meth ≤ 3087.0 
None 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 
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Tree  Acc 
F1-
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AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

110 0.95 
0.95, 
0.95 

0.95 0.92 0.99 St ≤ 9621.5 
-                                                                      

Meth ≤ 3087.0 

Cost 
complexity 

pruning: 
alpha = 

0.02 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 

111 0.94 
0.94, 
0.94 

0.95 0.93 1.00 Asp ≤ 4036.5 
Vin ≤  
67.5                                                     

- 

GridSearch
CV:                          

max depth 
= 8,                         
max 

features = 
1 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 
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F1-
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AUC 

CV 
Min 

CV 
Max 
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2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

112 0.95 
0.95, 
0.95 

0.97 0.92 0.99 St ≤ 9621.5 
-                                                                      

Meth ≤ 3087.0 
Max depth 

5 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 

113 0.99 
0.99, 
0.99 

0.98 0.84 1.00 
Purine ≤ 
77894.0 

-                                                                      
Steroid ≤ 9556.0 

None 
Undersampli
ng: Nearmiss 

version 1 
Good 

114 0.99 
0.99, 
0.99 

0.99 0.84 1.00 
Purine ≤ 
77894.0 

-                                                                      
St ≤ 9556.0 

Cost 
complexity 

pruning: 
alpha = 
0.015 

Undersampli
ng: Nearmiss 

version 1 
Good 

115 0.99 
0.99, 
0.99 

0.98 0.84 1.00 
Purine ≤ 
77894.0 

-                                                                      
Cyt ≤ 1410.0 

GridSearch
CV:                          

max depth 
= 6,                         
max 

features = 
4 

Undersampli
ng: Nearmiss 

version 1 
Good 

116 0.89 
0.91, 
0.88  

0.96 0.68 1.00 
Purine ≤ 
77894.0 

-                                                                     
Purine ≤ 
78312.5 

Max depth 
5 

Undersampli
ng: Nearmiss 

version 1 
Good 
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Features 
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Ranking 

117 0.85 
0.87, 
0.84 

0.9 0.79 0.86 Cyt ≤ 1271.5 
Purine ≤ 
53833.5                                                               

Anth ≤ 249.5 
None 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Good 

118 0.81 
0.82, 
0.79 

0.87 0.73 0.86 Cyt ≤ 1271.5 
Purine ≤ 
53833.5                                                               

Anth ≤ 249.5 

Cost 
complexity 

pruning: 
alpha = 
0.002 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

119 0.83 
0.85, 
0.81 

0.89 0.79 0.86 Cyt ≤ 1271.5 
Purine ≤ 
53833.5                                                               

Cyc ≤ 2996.5 

GridSearch
CV:                          

max depth 
= 14,                         
max 

features = 
6 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Good 

120 0.71 
0.73, 
0.69 

0.78 0.65 0.76 Cyt ≤ 1271.5 
Purine ≤ 
53833.5                                                               

Anth ≤ 249.5 

Max depth 
5 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

Chestnut Features: Total drug dosages, Trial. Class: 2 Class outcome RD 

121 0.98 
0.98, 
0.98 

0.98 0.95 0.99 
Meth ≤ 
2048.5 

Cyt ≤ 1205.5                                                   
- 

None 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 

122 0.98 
0.98, 
0.98 

0.98 0.95 0.99 
Meth ≤ 
2048.5 

Cyt ≤ 1205.5                                                    
- 

Cost 
complexity 

pruning: 
alpha = 
0.015 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

123 0.98 
0.98, 
0.98 

0.98 0.95 0.99 Cyt ≤ 1201.5 
Purine ≤ 
50871.0                               

- 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
3 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 

124 0.98 
0.98, 
0.98 

0.98 0.95 0.99 
Meth ≤ 
2048.5 

Cyt ≤ 1205.5                                                 
- 

Max depth 
5 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 

125 0.67 
0.60, 
0.71 

0.78 0.50 1.00 Cyt ≤ 1500.0 
Meth ≤ 2515.0                               

- 
None 

Undersampli
ng: Nearmiss 

version 1 
Poor 

126 0.67 
0.60, 
0.71 

0.78 0.50 1.00 Cyt ≤ 1500.0 
Meth ≤ 2515.0                               

- 

Cost 
complexity 

pruning: 
alpha = 0.1 

Undersampli
ng: Nearmiss 

version 1 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

127 0.99 
0.99, 
0.99 

0.72 0.25 1.00 Cyt ≤ 1500.0 
Purine ≤ 
64123.5                               

- 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
3 

Undersampli
ng: Nearmiss 

version 1 
Poor 

128 0.25 
0.40, 
0.00 

0.5 0.00 0.50 - - 
Max depth 

5 

Undersampli
ng: Nearmiss 

version 1 
Poor 

129 0.97 
0.97, 
0.97 

0.99 0.95 0.98 Cyc ≤ 1001.0 
-                                                                      

Vin ≤ 67.5 
None 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Good 

130 0.93 
0.93, 
0.93 

0.98 0.94 0.97 Cyc ≤ 1001.0 
-                                                                      

Vin ≤ 67.5 

Cost 
complexity 

pruning: 
alpha = 
0.005 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Good 

131 0.96 
0.96, 
0.96 

0.98 0.95 0.99 Cyc ≤ 1001.0 
-                                                                      

St ≤ 10333.0 

GridSearch
CV:                          

max depth 
= 13,                         
max 

features = 
3 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Good 

132 0.89 
0.90, 
0.89 

0.95 0.86 0.90 Cyc ≤ 1001.0 
-                                                                      

Vin ≤ 67.5 
Max depth 

5 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Good 



 

252 

 

Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

Elm Features: Trial, DIs, St, Purine. Class: 2 Class outcome RR 

133 0.78 
0.80, 
0.76 

0.81 0.72 0.85 Trial ≤ 3.5 
Trial ≤ 2.5                                                                   

- 
None 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

134 0.78 
0.81, 
0.73 

0.79 0.71 0.83 Trial ≤ 3.5 
Trial ≤ 2.5                                                                   

- 

Cost 
complexity 

pruning: 
alpha = 

0.01 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

135 0.78 
0.80, 
0.76 

0.82 0.72 0.85 DI ≤ 1.5 
Trial ≤ 3.5                                                                   
Trial ≤ 2.5  

GridSearch
CV:                          

max depth 
= 3,                         
max 

features = 
4 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

136 0.78 
0.80, 
0.76 

0.81 0.72 0.85 Trial ≤ 3.5 
Trial ≤ 2.5                                                                   

- 
Max depth 

5 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

137 0.68 
0.67, 
0.70 

0.6 0.60 0.95 Trial ≤ 3.5 
Trial ≤ 2.5                                                                   

- 
None 

Undersampli
ng: Nearmiss 

version 1 
Poor 

138 0.8 
0.83, 
0.75 

0.8 0.60 1.00 Trial ≤ 3.5 
Trial ≤ 2.5                                                                   

- 

Cost 
complexity 

pruning: 
alpha = 

0.05 

Undersampli
ng: Nearmiss 

version 1 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

139 0.68 
0.67, 
0.70 

0.8 0.50 0.95 Trial ≤ 3.5 
Trial ≤ 2.5                                                                   

- 

GridSearch
CV:                          

max depth 
= 4,                         
max 

features = 
5 

Undersampli
ng: Nearmiss 

version 1 
Poor 

140 0.52 
0.49, 
0.54  

0.61 0.50 0.85 Trial ≤ 3.5 
Reg ≤ 0.5                                                                   

- 
Max depth 

5 

Undersampli
ng: Nearmiss 

version 1 
Poor 

141 0.61 
0.65, 
0.56 

0.62 0.58 0.67 Reg ≤ 1.5 
Trial ≤ 2.5                                                               
Trial ≤ 2.5 

None 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

142 0.57 
0.62, 
0.5 

0.58 0.55 0.63 Reg ≤ 1.5 
Trial ≤ 2.5                                                               

- 

Cost 
complexity 

pruning: 
alpha = 
0.0045 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

143 0.61 
0.65, 
0.56 

0.62 0.58 0.67 Steroid ≤ 0.5 
DI ≤ 1.5                                                               

Purine ≤ 0.5 

GridSearch
CV:                          

max depth 
= 5,                         
max 

features = 
1 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

144 0.73 
0.65, 
0.55 

0.61 0.58 0.67 Reg ≤ 1.5 
Trial ≤ 2.5                                                               
Trial ≤ 2.5 

Max depth 
5 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

Elm Features: Trial, DIs, St, Purine. Class: 2 Class outcome RD 

145 0.8 
0.83, 
0.76 

0.81 0.77 0.87 DI ≤ 1.5 
-                                                       

Trial ≤ 2.5 
None 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

146 0.8 
0.83, 
0.76 

0.81 0.77 0.87 DI ≤ 1.5 
-                                                       

Trial ≤ 2.5 

Cost 
complexity 

pruning: 
alpha = 

0.03 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

147 0.8 
0.83, 
0.76 

0.81 0.77 0.87 DI ≤ 1.5 
-                                                       

Trial ≤ 2.5 

GridSearch
CV:                          

max depth 
= 
2,                         

max 
features = 

3 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

148 0.8 
0.83, 
0.76 

0.81 0.77 0.87 DI ≤ 1.5 
-                                                       

Trial ≤ 2.5 
Max depth 

5 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

149 0.56 
0.60, 
0.50 

0.67 0.33 1.00 Reg ≤ 0.5 
Steroid ≤ 0.5                                      

- 
None 

Undersampli
ng: Nearmiss 

version 1 
Poor 

150 0.56 
0.60, 
0.50 

0.67 0.33 1.00 Reg ≤ 0.5 
Steroid ≤ 0.5                                      

- 

Cost 
complexity 

pruning: 
alpha = 

0.04 

Undersampli
ng: Nearmiss 

version 1 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

151 0.67 
0.67, 
0.67 

0.75 0.33 1.00 Steroid ≤ 0.5 
DI ≤ 1.5                                                            

- 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
1 

Undersampli
ng: Nearmiss 

version 1 
Poor 

152 0.33 
0.50, 
0.00 

0.5 0.00 0.33 - - 
Max depth 

5 

Undersampli
ng: Nearmiss 

version 1 
Poor 

153 0.71 
0.68, 
0.74 

0.77 0.66 0.77 Trial ≤ 3.5 
Purine ≤ 

0.5                                                                     
Reg ≤ 0.5 

None 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

154 0.68 
0.54, 
0.75 

0.74 0.66 0.74 Trial ≤ 3.5 
Purine ≤ 0.5                                                                     

Reg ≤ 0.5 

Cost 
complexity 

pruning: 
alpha = 
0.005 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

155 0.71 
0.68, 
0.74 

0.77 0.66 0.77 Steroid ≤ 0.5 
DI ≤ 1.5                                                                     

Purine ≤ 0.5 

GridSearch
CV:                          

max depth 
= 5,                         
max 

features = 
1 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

156 0.63 
0.48, 
0.71 

0.69 0.60 0.70 Trial ≤ 3.5 
Purine ≤ 

0.5                                                                     
Reg ≤ 0.5 

Max depth 
5 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

Oak Features: Trial, Reg, DIs, St, Purine. Class: 2 Class outcome RR 

157 0.81 
0.84, 
0.77 

0.86 0.72 0.85 Trial ≤ 2.5 
-                                                                      

Trial ≤ 3.5 
None 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

158 0.81 
0.84, 
0.77 

0.81 0.72 0.85 Trial ≤ 2.5 
-                                                                      

Trial ≤ 3.5 

Cost 
complexity 

pruning: 
alpha = 

0.01 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

159 0.81 
0.84, 
0.77 

0.81 0.72 0.85 Trial ≤ 2.5 
-                                                                      

Trial ≤ 3.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
4 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

160 0.81 
0.84, 
0.77 

0.86 0.72 0.85 Trial ≤ 2.5 
-                                                                      

Trial ≤ 3.5 
Max depth 

5 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Poor 

161 0.8 
0.80, 
0.81 

0.88 0.64 0.85 Trial ≤ 2.5 
-                                                                      

Trial ≤ 3.5 
None 

Undersampli
ng: Nearmiss 

version 1 
Good 

162 0.86 
0.88, 
0.83 

0.85 0.56 0.96 Trial ≤ 2.5 
-                                                                      

Trial ≤ 3.5 

Cost 
complexity 

pruning: 
alpha = 

0.04 

Undersampli
ng: Nearmiss 

version 1 
Good 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

163 0.8 
0.80, 
0.81 

0.88 0.56 0.92 Trial ≤ 2.5 
-                                                                      

Trial ≤ 3.5 

GridSearch
CV:                          

max depth 
= 3,                         
max 

features = 
4 

Undersampli
ng: Nearmiss 

version 1 
Good 

164 0.8 
0.80, 
0.81 

0.88 0.56 0.92 Trial ≤ 2.5 
-                                                                      

Trial ≤ 3.5 
Max depth 

5 

Undersampli
ng: Nearmiss 

version 1 
Good 

165 0.59 
0.66, 
0.47 

0.59 0.51 0.63 Steroid ≤ 0.5 
Purine ≤ 0.5                                                               

DI ≤ 2.5 
None 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

166 0.58 
0.65, 
0.48 

0.6 0.51 0.62 Steroid ≤ 0.5 
Purine ≤ 0.5                                                               

DI ≤ 2.5 

Cost 
complexity 

pruning: 
alpha = 
0.001 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

167 0.56 
0.66, 
0.40 

0.57 0.51 0.61 Steroid ≤ 0.5 
Trial ≤ 1.5                                                               
Trial ≤ 1.5 

GridSearch
CV:                          

max depth 
= 3,                         
max 

features = 
2 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

168 0.59 
0.67, 
0.47 

0.59 0.51 0.63 Steroid ≤ 0.5 
Purine ≤ 0.5                                                               

DI ≤ 2.5 
Max depth 

5 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

Oak Features: Trial, Reg, DIs, St, Purine. Class: 2 Class outcome RD 

169 0.86 
0.88, 
0.84 

0.86 0.80 0.90 DI ≤ 1.5 
-                                                                 

Trial ≤ 2.5 
None 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 

170 0.86 
0.88, 
0.84 

0.86 0.80 0.90 DI ≤ 1.5 
-                                                                  

Trial ≤ 2.5 

Cost 
complexity 

pruning: 
alpha = 0 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

171 0.86 
0.88, 
0.84 

0.86 0.80 0.90 DI ≤ 1.5 
-                                                                   

Trial ≤ 2.5 

GridSearch
CV:                          

max depth 
= 2,                         
max 

features = 
2 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 

172 0.86 
0.88, 
0.84 

0.86 0.80 0.90 DI ≤ 1.5 
-                                                                  

Trial ≤ 2.5 
Max depth 

5 

Undersampli
ng and 

Oversamplin
g: NearMiss 

version 1 
and a ratio 
sampling 

strategy of 
486 patients 
in each class 

Good 

173 0.67 
0.60, 
0.71 

0.78 0.50 1.00 Trial ≤ 2.5 
-                                                                    

DI ≤ 1.5 
None 

Undersampli
ng: Nearmiss 

version 1 
Poor 

174 0.67 
0.60, 
0.71 

0.78 0.50 1.00 Trial ≤ 2.5 
-                                                                

DI ≤ 1.5 

Cost 
complexity 

pruning: 
alpha = 

0.04 

Undersampli
ng: Nearmiss 

version 1 
Poor 
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Tree  Acc 
F1-

Score 
AUC 

CV 
Min 

CV 
Max 

Root 
Feature 

2nd Split 
Features 

Pruning 
Imbalanced 

Class 
solution 

Ranking 

175 0.67 
0.60, 
0.71 

0.78 0.50 1.00 DI ≤ 2.5 
DI ≤ 1.5                               

- 

GridSearch
CV:                          

max depth 
= 3,                         
max 

features = 
3 

Undersampli
ng: Nearmiss 

version 1 
Poor 

176 0.25 
0.40, 
0.00 

0.5 0.00 0.50 - - 
Max depth 

5 

Undersampli
ng: Nearmiss 

version 1 
Poor 

177 0.61 
0.65, 
0.56 

0.68 0.59 0.69 Trial ≤ 3.5 
Trial ≤ 1.5                                                                     

- 
None 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

178 0.6 
0.51, 
0.67 

0.68 0.59 0.69 Trial ≤ 3.5 
Trial ≤ 1.5                                                                     

- 

Cost 
complexity 

pruning: 
alpha = 
0.002 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

179 0.61 
0.65, 
0.56 

0.68 0.59 0.69 DI ≤ 1.5 
Trial ≤ 5.3                                                                      
DI ≤ 2.5 

GridSearch
CV:                          

max depth 
= 5,                         
max 

features = 
1 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 

180 0.6 
0.51, 
0.67 

0.68 0.59 0.69 Trial ≤ 3.5 
Trial ≤ 1.5                                                                     

- 
Max depth 

5 

Oversamplin
g:                     

SMOTE with 
auto 

sampling 
strategy 

Poor 



 

264 

 

Supplementary Table 2. Summary of the accuracy, F1-scores, ROC area under the curve, K-

fold cross-validation minimum and maximum accuracy scores, the root features, 2nd split 

features, pruning technique, imbalanced class solution, and ranking of every decision tree 

produced in the ETV6::RUNX1 subgroup. Decision trees were ranked as good if the F1-scores 

were ≥80% in each group and poor otherwise. 4 class outcome: continuing remission, died in 

remission, relapse/ refractory disease leading to 2nd relapse, and relapse/ refractory disease 

leading to death. 2 class outcome RR: relapse/ refractory yes vs no. 2 class outcome RD: 

remission death yes vs no. Total drug dosages: steroid, vincristine, asparaginase, 

methotrexate, purine, anthracycline, cytarabine, cyclophosphamide, etoposide. Acc: 

accuracy, CV: cross-validation, min: minimum, max: maximum, cyt: cytarabine, vin: 

vincristine, asp: asparaginase, meth: methotrexate, anth: anthracycline, cyc: 

cyclophosphamide, etop: etoposide, DI: delayed intensification, reg: regimen.  

 

 

 


