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Abstract

Artificial intelligence, and more narrowly machine-learning, is beginning to expand humanity’s 

capacity to analyze increasingly large and complex datasets. Advances in computer hardware and 

software have led to breakthroughs in multiple sectors of our society, including a burgeoning role 

in medical research and clinical practice. As the volume of medical data grows at an apparently 

exponential rate, particularly since the human genome project laid the foundation for modern 

genetic inquiry, informatics tools like machine learning are becoming crucial in analyzing these 

data to provide meaningful tools for diagnostic, prognostic, and therapeutic purposes. Within 

medicine, hematologic diseases can be particularly challenging to understand and treat given the 

increasingly complex and intercalated genetic, epigenetic, immunologic, and regulatory pathways 

that must be understood to optimize patient outcomes. In acute myeloid leukemia (AML), new 

developments in machine learning algorithms have enabled a deeper understanding of disease 

biology and the development of better prognostic and predictive tools. Ongoing work in the field 

brings these developments incrementally closer to clinical implementation.
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Introduction

Acute myeloid leukemia (AML) contains substantial clinical and genomic heterogeneity. 

There is a commensurately broad spectrum of prognoses; therefore, risk-stratification at 

diagnosis plays a critical role in treatment selection. While the decision of whether to pursue 

an anthracycline- and cytarabine-based induction regimen is, with few exceptions, largely 
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determined by non-genetic factors such as patient performance status and comorbidites, 

genetics play a significant role in decision-making about if—and when—to pursue 

subsequent hematopoietic stem cell transplant (HCST) [1]. Increasingly, they also inform 

selection of targeted therapies, both in the upfront and relapse setting, as well as in patients 

whose performance status precludes induction therapy [2,3].

Currently, risk stratification and treatment planning in AML are informed by a relatively 

limited number of genetic criteria. The 2017 European LeukemiaNet (ELN) risk 

stratification criteria rely primarily on cytogenetic abnormalities, with the exception of select 

somatic mutations [4]. Although informative, scoring systems such as ELN are intrinsically 

limited by significant intra-stratum heterogeneity. The advent of increasingly inexpensive 

technologies such as next-generation sequencing now makes it feasible to capture the 

genetic changes that underlie that heterogeneity. Thus, the challenge that faces clinicians as 

they try to better tailor therapies to individual patients is how to best make sense of the 

surfeit of biological data available to them.

Machine learning (ML), a branch of computer science that makes predictions based on 

patterns that it has learned from training data rather than explicit a priori design, is an 

appealing tool to help address this challenge. Briefly, ML falls into two major categories: the 

first, supervised learning, identifies patterns in data (e.g., a set of patient characteristics) that 

are most predictive of a specified outcome (e.g., response or non-response to an 

intervention); in the second category, unsupervised learning, algorithms identify potentially 

meaningful structures in data (e.g., distinct phenotypes within a disease) that are then 

appraised by investigators for potential clinical/biological significance [5].

Because of its ability to effectively handle nonlinear data with complex internal relationships 

and because of the wealth of data available in healthcare, interest in medical ML has grown 

exponentially in recent years across medical specialties. While still a developing field, ML 

holds significant promise for altering how physicians are able to classify and treat disease. 

This review summarizes work done to date applying ML to the study of AML (Table 1), and 

highlights potential future applications in risk stratification, prognosis, and treatment 

decisions (Fig. 1) (an in-depth introduction to ML is beyond the scope of this article, but 

several excellent overviews of the topic exist [5–7]).

Deciphering-Omics data

Technologies such as next-generation sequencing and proteomics make it increasingly 

feasible to query the biological underpinnings of malignancy, and are increasingly used in 

the study of AML. While ML and ML-adjacent techniques such as clustering and 

dimensionality reduction are employed widely throughout such research, this review focuses 

more narrowly on the use of supervised learning approaches.

Diagnosis and sub-classification of AML is challenging and often hinges on expert 

interpretation of several diagnostic modalities including morphology, immunophenotype, 

cytogenetics, and sequencing. Warnat-Herresthal et al. (2020) describe the use of LASSO 

regression, an ML method for automatically selecting the most predictive features from a 
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dataset and performing regression on them, in the automated diagnosis and classification of 

AML based on based on transcriptomic data pooled from 105 studies comprising 12,029 

AML, MDS, ALL, and healthy patients [8]. Without ancillary data or expert input, the 

authors’ model identified AML based on transcriptomic data with > 99% accuracy, and 

distinguished between M3 AML and other subtypes with 97.6% sensitivity and 99.5% 

specificity. By including detailed observations of model performance in the differential 

diagnosis of other hematologic malignancies, the authors also illustrate their model’s 

performance for a variety of distinct clinical scenarios. Interestingly, model performance was 

not significantly impacted by the exclusion of known AML-related genes, suggesting a 

complementary role for ML and other, more widely used genomic analysis methods such as 

differential gene expression [8].

Work by Shreve, et all demonstrates the ability of genomic data to more effectively risk-

stratify patients with AML in recently presented work employing gradient boosting trees 

(GBT), an ML approach that generates predictions based on the collective input of hundreds 

or thousands of small decision trees [9]. When trained on data from 3241 unique patients, a 

GBT model achieved a c-index for overall survival ranging from 0.80 to 0.85 across five 

datasets compared to a c-index of 0.59 when using the 2017 ELN criteria, demonstrating not 

only ML’s increased prognostic power but robustness across varied patient populations and 

clear explanations for individual risk [9].

Gerstung et al. (2017) highlight the use of genomic data in conjunction with clinical 

information to inform treatment decisions in AML [10]. In their paper the authors describe 

the use of a modified regression-based method for estimating the likelihood of survival 

based on whether a patient received HCST in their first remission (CR1) after induction for 

AML, or after their first relapse. Using data from 1540 AML patients the authors were able 

to predict survival with a c-index of 0.72. Based on retrospective analysis using their model 

they estimate that they would be able to reduce HSCT rates without adversely affecting 

mortality by identifying patients with favorable subtypes (e.g., inv(16) or t(8:21) AML) who 

would, if relapsed, still face a good prognosis with HCST [10]. The authors’ work highlights 

the potential for ML strategies to tailor the aggressiveness of therapies, although given the 

novelty of such approaches prospective validation is needed to demonstrate their efficacy 

and safety.

Lee et al. (2018) highlight another ML approach to genomic data in a paper describing a 

novel method for predicting drug sensitivities [11]. The authors describe an approach that 

incorporates information learned from the Tumor Cancer Genome Atlas (TCGA) to help 

inform the likelihood that alterations in a given gene will have therapeutic significance, 

thereby mitigating the risk of identifying chance patterns without a strong biological 

underpinning. Using this approach, the authors attained state-of the art performance 

compared to models that did not incorporate such background information. Although such 

approaches are still removed from the point of clinical implementation, they highlight the 

potential for a given ML model to incorporate biological insights from external datasets in 

order to refine its predictive ability.
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Work in other hematologic malignancies highlights potential alternative methods for 

handling genomic data. A 2019 paper describes the use of a recommender algorithm, which 

functions similarly to those used to generate shopping or media suggestions, to help identify 

patients at risk for resistance to hypomethylating agents in patients with myelodysplastic 

syndromes (MDS) [12]. By applying the same paradigm to the relationship between gene 

mutations and drug responsiveness, the model, which was based on 433 patients from 3 

institutions, was able create meaningful risk strata among patients with at least 3 mutations 

identified, with low-risk patients surviving 22.8 months and high-risk patients surviving 14.6 

months [12]. Such algorithms are designed to handle sparse data in other settings (such as 

recommending new purchases when based of the purchase of a few dozen items out of 

millions of potential options), and thus may be useful frameworks for evaluating gene 

alterations, which are similarly sparse. Similarly, the associations between genes and 

outcomes identified by the algorithm play a potentially informative role in elucidating novel 

genomic interactions.

Greater personalization from clinical data

Non-genomic features still provide a valuable substrate for clinical predictions, and may 

serve as the basis for models either independently or in conjunction with other forms of data. 

Indeed, even relatively simple models can yield informative predictions, such as a 

regression-based model described by Krug et al. (2010) that achieved an area under the 

receiver operating characteristic curve (AUROC) of 0.72 when combining patient 

characteristics, laboratory values, and known genetic risk factors [13]. Subsequently, new 

ML strategies have emerged, with the potential to enhance clinicians’ predictive abilities. In 

contrast to simple regression-based methods, newer algorithms are capable of capturing 

interactions and hierarchies within variables. For instance, by creating trees with one 

mutation or clinical characteristic only considered in the context of an antecedent variable, 

decision tree based methods such as random forests and gradient boosted trees can capture 

more “context” for a variable if informative. Notably, this ability also increases the attendant 

risk of overfitting, a phenomenon wherein a model is trained based on features specific to its 

training data, which in turn reduces its external validity.

Work in other hematologic malignancies highlights the utility of these advances. Recent 

work has employed GBT-based strategies to refine the diagnosis of bone marrow failure 

syndromes such as MDS, with AUROC > 0.95 based primarily on peripheral smears, clinical 

data, and a handful of single mutations from 2471 patients, demonstrating the potential for 

some clinical questions to be solved highly effectively by ML approaches [14]. Importantly, 

the model can also highlight which factors, for example particular lab or genomic findings, 

most contribute to an individual’s diagnosis, thereby providing an intelligible description of 

how it makes predictions. In the setting of elevated hemoglobin and a known JAK2 

mutation, a patient’s monocyte count may not be relevant to the diagnostic process, however 

it might be pivotal in distinguishing MDS and CMML. Methods such as GBT can capture 

this complexity, and thus make more sophisticated predictions (it bears repeating that this 

ability also increases the risk of overfitting—for example, if every patient named “John” in a 

training set happens to have CMML, models given that information might incorporate that 

decidedly non-generalizable fact into their decision-making process rather than correctly 
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dismissing it as a product of random chance). ML may also be used to adaptively inform 

response to treatment, as demonstrated in our work using serial blood count measurements 

to make expedited predictions about success or failure of hypomethylating agents in MDS, 

and are in the process of applying similar strategies to evaluating the success of induction 

therapy for AML [15].

Unsupervised methods have also been employed to directly observe clinical data. 

Gandelman et al. (2019) highlight an unsupervised, clustering-based approach in their use of 

t-distributed stochastic neighbor embeddings (tSNE), a dimensionality reduction method 

designed to create two-dimensional representations of high-dimension data, to propose 

clinically distinct subtypes of graft-versus-host disease (GVHD) [16]. Through inspection of 

seven different clusters identified by the tSNE method, the authors describe seven distinct 

clinical phenotypes of GVHD based on the severity of involvement in eye, liver, joints, 

fascia, mouth, and gastro-intestinal tract. The authors then used frequentist statistics to 

examine clinical differences between the groups, thereby identifying distinct risk strata. 

Such experiments demonstrate the potential for unsupervised methods to yield novel, 

clinically meaningful insights into how to approach diagnosis and risk stratification. They 

also serve as a means of hypothesis generation for corollary work investigating whether 

observed clinical subtypes reflect any underlying differences in disease biology. Such results 

should, however, be interpreted with caution in the absence of external validation. In this 

case the authors examine the reproducibility of their findings by applying a separate 

algorithm, self-organizing maps, to their t-SNE results, in turn finding that five of seven 

phenotypes were reproducible. Approaches such as this may be beneficial not only in risk 

stratification, but in hypothesis generation about biologically distinct disease subtypes.

Image analysis

Image analysis in the medical community at large has been transformed by the advent of 

convolutional neural networks (CNNs), a subtype of neural network that first rose to 

prominence in 2012 [17]. Briefly, CNNs function by mimicking the underlying mechanisms 

of biological vision, using a series of filters that progress from elementary shape detection to 

abstract, higher-level representation of objects [18]. While large datasets are ordinarily 

required to train highly accurate CNNs, excellent performance on smaller datasets can be 

achieved by repurposing other models. This process, called transfer learning, entails 

retaining the superficial shape- and texture-recognition layers of a pre-trained CNN while 

altering the deeper layers in order to tune it for a new task. This approach has enabled 

several high-profile advances in interpreting histopathological, radiological, and 

photographic medical data [19–22].

Currently, the majority of AI-based image analysis in hematologic malignancy has focused 

on classification tasks. Chandradevan et al. (2019) describe classification of cells on bone 

marrow aspirates based on extensive expert labeling [23]. Similar work in AML-adjacent 

fields (MDS and ALL) has also been undertaken, in each case classifying diseases of interest 

with sensitivity and specificity > 95% [24,25]. Despite the remarkable performance of 

CNNs, the process of creating adequately labeled datasets for model training is laborious 
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and time-consuming. Methods that require a lesser degree of image annotation are an 

ongoing area of research, and their development may facilitate further progress in this field.

Beyond identification and classification tasks, image analysis may be able to yield novel 

information from pathology slides. Studies in solid tumors have demonstrated CNNs’ ability 

to predict clinically meaningful single mutations and microsatellite instability, and even to 

accurately risk-stratify patients purely on the basis of tissue architecture in colon cancer [26–

28]. It is possible that there are corollary data to be gleaned from hematopathology, however 

this remains an area in need of further study. The ability to glean clinically meaningful 

information directly from histopathology slides carries significant potential advantages given 

the ubiquity, relatively rapid turnaround time, and low cost of obtaining histopathologic data.

Challenges, lessons learned, and the path to clincical implementation

Shouval et al. highlight potential limitations of ML nicely in a 2016 study attempting to use 

clinical data to predict mortality from a dataset 26,266 patients undergoing HSCT for AML 

[29]. After employing several contemporary models, the authors observed that despite an 

enviable sample size, model performance consistently plateaued above training sizes of 

6000–8000 patients, and that, for all models tested, performance similarly plateaued after the 

inclusion of merely six variables; they conclude that improvements in predictive ability 

require the identification of additional prognostic features. Needless to say, the ceiling for 

predictive ability is unique to each machine learning task and is also influenced by the type 

of machine learning strategy employed, but as noted by other commentators, successful ML 

approaches to some clinical problems may ultimately require multimodal approaches 

capable of integrating clinical, genomic, and other data in order to attain clinically 

meaningful levels of performance [30].

As with any other statistical method, care needs to be taken when devising new scores and 

predictive models. As demonstrated by Wang et al. (2017), existing tools such as the ELN 

criteria vary in their prognostic utility when applied to novel cohorts of patients [31]. The 

studies in this review that document reliable performance across different patient cohorts are 

likely able to do so in part due to the inclusion of multi-institutional data in the training 

process [8,9]. Similar approaches will be important to ensure the same external validity in 

future work. As illustrated by Warnat-Herresthal et al., the test characteristics of ML models 

vary based on the population in which they are applied, so care needs to be taken to ensure 

that the data used to develop and validate ML models reflect the setting in which they will 

ultimately be used [8]. Prospective validation, when feasible, also provides additional 

evidence for models’ utility, and will become increasingly important as ML approaches 

widespread clinical implementation.

Widespread clinical acceptance of ML will also hinge on its ability to generate transparent 

explanations for its predictions. Interpretability is an active area in machine learning 

research, and work in recent years has yielded several flexible solutions for interpreting a 

diverse array of models; for instance, the SHAP (SHapely Additive exPlanations) approach 

described by Lundberg et al. (2017) can summarize how particular variables in an ML model 

contribute to individual-level predictions, as well as what variables are of most significance 
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to the model globally [32]. We and others have used SHAP to illustrate variable importance 

with patient-level resolution for several clinical applications including interpreting NGS 

data, differential diagnosis, response prediction based on time series analysis, and generating 

treatment recommendations [9,14,15,33].

How will ML affect current paradigms in AML management as it edges toward clinical 

utility? ML-based diagnostic strategies may be useful in clarifying ambiguous data, 

streamlining the workflow of diagnosticians, and providing consistent performance in 

resource-constrained settings. The ability to more thoroughly examine patient-specific 

disease biology may elucidate the mechanisms that cause different treatments to succeed or 

fail in particular patients, and thus inform decision-making around treatments. From the 

perspective of prognosis and risk stratification, ML strategies offer a more granular, 

individualized approach; while scores and strata are useful heuristics that reflect clinically 

meaningful distinctions, their simplicity may place an upper limit on their predictive ability. 

With sufficiently accurate ML models, it may be possible to adopt a prognostic approach 

that directly estimates probabilities (along with the degree of uncertainty about those 

estimates) and provides clinician-accessible explanations for its predictions. Although 

aspirational at this point in time, the eventual adoption of such a paradigm would facilitate 

treatment approaches that more closely reflect patient-specific disease factors.

Conclusion

AML’s heterogeneous nature makes the development of truly personalized care challenging; 

current standards for attempting to understand disease biology are clearly imperfect in their 

ability to fully appraise individual risk, and thus to best inform treatment. Emerging progress 

in the medical use of ML, both in AML and other malignancies, heralds new, potentially 

transformative means for approaching its management.

Practice points

• Machine learning provides a useful tool for making sense of the expanding depth 

and volume of data available in AML treatment

• Machine learning models provide a diverse and flexible framework for handling 

multi-omic, clinical, and laboratory data

• Machine learning research for AML remains pre-clinical; multi-center data 

collection and prospective model validation are key to realizing machine 

learning’s clinical potential

Research agenda

Multi-omic data

• Identification of novel, clinically meaningful disease subtypes

• Correlation of disease biology to clinical outcomes

• Integration of large, multi-omic datasets
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Leveraging clinical data

• Increasing personalization of risk stratification and treatment recommendations

• Development of interpretable, clinician-friendly models

Image analysis (histopathology and radiology)

• Automated/assisted diagnosis based on bone marrow and peripheral blood 

images

• Acquisition of novel clinical data from images using deep learning

• Correlation of imaging findings to prognosis/treatment approach

Bringing ML from research to practice

• Development of multi-institutional databases for robust model generation

• Prospective validation of clinical ML models

• Incorporation of ML into clinical trials and research

• Practitioner education and awareness about machine learning research and best 

practices
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Fig. 1. 
Example implementations of machine learning in oncologic practice.
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