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Abstract

:

Acute myeloid leukemia (AML) is a heterogenous blood cancer with a dismal prognosis. It emanates from leukemic stem cells (LSCs) arising from the genetic transformation of hematopoietic stem cells (HSCs). LSCs hold prognostic value, but their molecular and immunophenotypic heterogeneity poses challenges: there is no single marker for identifying all LSCs across AML samples. We hypothesized that imaging flow cytometry (IFC) paired with artificial intelligence-driven image analysis could visually distinguish LSCs from HSCs based solely on morphology. Initially, a seven-color IFC panel was employed to immunophenotypically identify LSCs and HSCs in bone marrow samples from five AML patients and ten healthy donors, respectively. Next, we developed convolutional neural network (CNN) models for HSC-LSC discrimination using brightfield (BF), side scatter (SSC), and DNA images. Classification using only BF images achieved 86.96% accuracy, indicating significant morphological differences. Accuracy increased to 93.42% when combining BF with DNA images, highlighting differences in nuclear morphology, although DNA images alone were inadequate for accurate HSC-LSC discrimination. Model development using SSC images revealed minor granularity differences. Performance metrics varied substantially between AML patients, indicating considerable morphologic variations among LSCs. Overall, we demonstrate proof-of-concept results for accurate CNN-based HSC-LSC differentiation, instigating the development of a novel technique within AML monitoring.
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1. Introduction


Acute myeloid leukemia (AML) is a highly heterogenous blood cancer with a dismal prognosis. An incidence rate of 1.61/100,000 and mortality rate of 1.22/100,000 were reported globally in 2019 [1]. The malignancy originates from genetic aberrancies in hematopoietic stem cells (HSCs) in the bone marrow (BM), causing the formation of a pool of rare leukemic stem cells (LSCs) with survival advantages, increased proliferation potential, and blocked differentiation. Healthy hematopoiesis is suppressed, and LSCs give rise to leukemic blasts that proliferate rapidly, accumulate in the BM and peripheral blood (PB), and cause clinical manifestations of BM failure [2,3,4,5]. Untreated AML will usually result in death within months of diagnosis due to bleeding or infection. Consequently, rapid classification, prognostication, and treatment initiation remain crucial [6,7,8]. Estimated 5-year survival rates vary significantly between age groups, being approximately 50% in younger adults (<60 years) and merely around 10% in the elderly [9].



Even though induction chemotherapy can induce remission in up to 60–80% of younger patients, relapse rates are high [5,10,11,12,13]. Relapses are believed to emanate from residual leukemic cells, consisting of a small fraction of blasts and/or quiescent LSCs, which is referred to as minimal residual disease (MRD) [2,5]. Importantly, the presence of MRD after induction chemotherapy is strongly associated with an increased risk of relapse and death, and for intermediate risk patients, MRD-guided clinical decision making is currently employed to decide whether or not to consolidate with allogeneic BM transplantation [14,15,16]. As MRD remains below the detection threshold of cytomorphological evaluation, assessment using other standardized and sensitive methods is essential to evaluate treatment response and predict impending relapse. The most extensively studied techniques include multiparameter flow cytometry (MFC) and reverse transcription quantitative polymerase chain reaction (RT-qPCR). The latter is applicable to follow a molecular marker in approximately 60% of cases and includes detection of fusion transcripts, mutations, and overexpression of specific genes. For other AML patients, the use of MFC is recommended. This entails monitoring a pre-determined diagnostic leukemia-associated immunophenotype (LAIP) through a “different-from-normal” (DfN) approach, which involves comparing leukemic immunophenotypes to those observed in healthy cells. In this way, MFC is useful to track and identify abnormal immunophenotypes in approximately 90% of cases. Additionally, digital droplet PCR and next-generation sequencing (NGS) are currently under investigation for detection of MRD [10,16,17,18,19]. Despite the usefulness of current MRD estimates, some MRD-negative patients may still experience relapse due to the leukemia remaining below the detection threshold [16]. Of note, LSCs are believed to be enriched in the MRD cell population, and consequently, surveillance of LSCs during treatment holds promising prognostic information [20]. In fact, inclusion of immunophenotypic detection of LSCs by MFC into current MRD techniques is associated with higher sensitivity and fewer false-negative results [14,21,22]. Nevertheless, LSC monitoring is currently not included in the diagnostic workup for AML patients, although it is recommended in clinical studies [16,22].



Importantly, current MRD techniques focus on the total leukemic burden, including both leukemic blasts and LSCs. As LSCs are ultimately responsible for propagating AML, accurate detection of LSCs and distinguishment from their healthy HSC counterparts would greatly improve therapeutics and disease monitoring [22]. Numerous immunophenotypic markers have been shown to be differentially expressed in LSCs and their healthy HSC counterparts, including CLEC12A, CD7, CD123, TIM3, CD70, and CD9 [4,5,15,23,24,25]. In this regard, most studies have focused on CD34+ AML, where LSCs primarily co-reside with healthy HSCs within the CD34+CD38− compartment [26,27]. Importantly, considerable immunophenotypic heterogeneity exists, and no single marker identifies all LSCs across AML samples [5,28]. For example, Petersen et al. detected 50 LSC subsets showing 41 different immunophenotypic profiles within BM samples from 38 pediatric AML patients [29,30]. Also, the absence of an LSC marker on AML stem cells does not necessarily equal absence of disease, as shown by Bill et al. demonstrating disease-related aberrancies within CLEC12A− stem cell subsets from AML cases [31]. Healthy HSCs from normal BM, on the other hand, are always CLEC12A− [32]. While most studies have been performed using pre-treatment samples, markers may vary throughout the disease course [2,5,28,33]. These substantial immunophenotypic variations between and within each case considerably challenge the clinical applicability of LSC monitoring and emphasize the need for alternative discriminative parameters to reliably detect LSCs. Terwijn et al. revealed substantially higher forward scatter (FSC) and side scatter (SSC) properties among marker-positive LSCs compared to HSCs from the CD34+CD38− stem cell compartment [4,22], indicating inherent morphological variations between the cell types. Based on this, as an alternative to immunophenotypic detection, we investigate a novel method for identifying LSCs using differences in morphology detected by imaging flow cytometry (IFC) combined with artificial intelligence (AI)-based image analysis.



The IFC technology is a high throughput, multiparametric technique that combines the speed and sensitivity of conventional MFC with visual information from fluorescence microscopy. The ImageStream®X MKII (ISX, Cytek Biosciences, Fremont, CA, USA) instrument captures 12 high-resolution images per cell, including two brightfield (BF) images, one darkfield/SSC image, and nine fluorescence images. As such, IFC permits analysis of image data, enabling investigation of morphometric characteristics of hundreds of thousands of cells per sample. For each cell, thousands of features, such as size, shape, and texture, can be calculated [34,35,36]. When combined with AI, the statistical sensitivity of the technique is greatly improved [37,38,39]. This high-content analysis makes IFC an ideal methodology for evaluating rare cellular subsets. In the current study, we applied IFC in combination with convolutional neural network (CNN)-based image analysis to morphologically discriminate CLEC12A+ LSCs and healthy CLEC12A− HSCs. We show proof-of-concept results of robust AI-based HSC-LSC differentiation, helping pave the way for the establishment of novel techniques within AML monitoring.




2. Results


2.1. IFC Permits Immunophenotypic Identification of HSCs and LSCs


A seven-color IFC panel was designed and utilized to identify HSCs and LSCs in BM samples from ten healthy donors and five AML patients, respectively. The immunophenotypic profiles of these cell types were employed to perform a series of gating steps leading to the populations of interest. Initially, stem cells were identified as CD34+CD38−CD45lowCD14− among live, nucleated, single cells in focus. While these constituted healthy HSCs in normal BM (NBM) samples (Figure 1A), a subset of LSCs were further identified in AML samples as showing aberrant expression of the marker CLEC12A (Figure 1B). Thus, we demonstrated the feasibility of a seven-color HSC-LSC tube to immunophenotypically detect HSCs and CLEC12A+ LSCs using IFC.




2.2. AI-Based Image Analysis Enables Accurate HSC-LSC Discrimination


Considering the prognostic value of LSCs and their substantial immunophenotypic heterogeneity both within and between AML samples [14,15], novel methods are required to accurately identify and discriminate LSCs from their healthy HSC counterparts. As an exploratory strategy, we set out to differentiate between these two cell types using AI-driven image analysis. We successfully developed AI models using a CNN algorithm to classify stem cells into either of the following two categories: (i) healthy HSCs or (ii) aberrant LSCs. Seven different models were trained for HSC-LSC discrimination using various combinations of BF, SSC, and DNA image data from immunophenotypically defined HSC and LSC populations. Evaluation metrics including F1 scores, accuracy, precision, and recall were obtained for both training, validation, and test sets resulting from splitting the total data by an 80/10/10 ratio (Table 1 and Figure 2). Moreover, the relationship between true and predicted labels were recorded in confusion matrices for the test data (Figure 3 and Figure S1).



Testing of the model created solely using BF images showed an overall F1 score of 86.84% (Table 1 and Figure 2A) and accuracy of 86.96% (Figure 2B), revealing considerable AI-detected morphologic differences between HSCs and LSCs. Of all LSC and HSC predictions, 95.79% and 80.99%, respectively, were correct (Table 1, Figure 2C and Figure 3). It was possible to correctly retrieve 96.60% of all HSCs and 77.32% of all LSCs, showing a higher recall/sensitivity for HSCs (Table 1, Figure 2D and Figure 3). This was attributable to misclassification of 22.68% of LSCs as HSCs, while only 3.40% of HSCs were misclassified as LSCs (Figure 3). Thus, the BF model primarily showed high HSC recall and high LSC precision. Next, we assessed the model created using only DNA images and observed that the evaluation metrics ranged between 71.88% and 77.44% with an overall F1 score of 74.64% and accuracy of 74.66% (Table 1 and Figure 2A–D). While these results indeed designate some differences in nuclear morphology between the two classes, it also demonstrates that the DNA images alone are insufficient for accurate HSC-LSC separation due to misclassification of 28.12% of HSCs and 22.56% of LSCs (Figure S1). Model development solely using SSC images revealed only subtle dissimilarities in granularity between HSCs and LSCs with an overall F1 score of 61.93%, accuracy of 61.96%, and precision and recall ranging between 59.30% and 64.63% (Table 1, Figure 2A–D and Figure S1).



When training was based on a combination of BF and DNA images, evaluation metrics ranged from 91.38% to 95.46%, signifying notably high performance statistics for both classes (Table 1 and Figure 2A–D). The F1 score and accuracy based on the test data were both 93.42% (Table 1 and Figure 2A,B). Moreover, incorporating DNA images alongside BF images resulted in better classification balance between the two classes compared with using BF images alone. Still, precision was slightly higher for LSCs (Table 1, Figure 2C and Figure 3) and recall was slightly higher for HSCs (Table 1, Figure 2D and Figure 3). Only 4.54% of HSCs and 8.62% of LSCs were misclassified (Figure 3). Thus, the BF + DNA model offered superior performance. Of note, inclusion of SSC images into model training offered either no or only minor improvements in performance when compared to utilizing the other images without SSC. This was the case both when combined with BF images and DNA images individually or together (Table 1, Figure 2A–D and Figure S1).




2.3. Model Performance Varies Substantially between AML Patients


Thus far, all presented model performance metrics were based on pooled HSC and LSC data sets from multiple NBM and AML samples, respectively. However, an important question remains—whether any noteworthy morphologic differences exist between CLEC12A+ LSCs identified from different AML patients and whether this may cause variation in patient-specific image classification accuracy. Hence, we investigated any differences in model performance by assessing evaluation metrics separately for four AML patients. An additional 8487 CLEC12A+ LSCs that had not been included in previous analyses were classified as either LSCs or HSCs using all seven developed AI models, and class predictions were recorded both for the AML patients separately and combined.



The percentage of LSCs identified among all AML patients combined, corresponding to LSC recall, ranged between 54.57% and 89.76%. This was attributable to the misclassification of 10.24–45.43% of LSC as HSCs (Figure 4A). Based on BF images, it was possible to correctly identify 70.77% of LSCs, while using DNA images alone retrieved 75.33% of LSCs. The addition of DNA images to BF images increased LSC recall to 84.95%, and a slightly higher predicted LSC percentage of 89.76% resulted from the assessment of a combination of BF, SSC, and DNA images. Classification based on SSC images alone, however, neither enabled accurate LSC identification nor improved the BF model notably.



Assessment of performance metrics for each AML patient separately revealed noticeable differences (Figure 4B), pointing towards prominent morphologic variation between CLEC12A+ LSCs identified from different AML patients. Interestingly, BF image-based classification enabled identification of only 34.48% of LCSs from AML1 but nearly all LSC from AML4 with an LSC recall of 97.00%. For AML2 and AML3, the metrics were similar, with 79.94% and 77.14% LSCs correctly classified, respectively, based on BF images. Conversely, using DNA images, 90.81% of LSCs from AML1 were identified, while this ranged from 60.55% to 78.81% for the three other AML patients. Combining BF and DNA images resulted in very high percentages of predicted LSCs, between 89.63% and 92.89% for AML patients 1, 3, and 4, although this remained lower for AML2, with 71.35% LSCs identified. SSC images were generally insufficient for correct classification, as only 45.48–64.41% LSCs were recalled. Combining SSC with BF or DNA images either slightly increased or slightly decreased LSC recall compared with using BF or DNA images alone. Nonetheless, using a combination of all three images, the BF + SSC + DNA model was able to correctly classify between 83.35% and 98.22% of LSCs, showing higher balance and robustness across patient samples, contrasting all other models.





3. Discussion


In this exploratory study, we investigated the ability of AI-driven image classification to distinguish between CLEC12A+ LSCs from AML BM and HSCs from healthy controls using BF, SSC, and DNA imagery. We present proof-of-concept data showing that CLEC12A+ LSCs and healthy HSCs could be discriminated with accuracy, precision, and recall metrics of approximately 93% using a CNN classifier based on BF, SSC, and DNA images (Table 1 and Figure 2). While combining all three image types resulted in the highest performance metrics, discrimination based on BF images alone also offered a high accuracy of 86.96% (Table 1 and Figure 2). Of all LSCs, 95.79% were correctly classified, and 96.60% of HSCs could be recalled using the BF model (Figure 2 and Figure 3). Collectively, these results highlight notable morphological differences between LSCs and HSCs. This aligns with prior MFC analyses, which indicated increased FSC/SSC properties in AML LSCs relative to HSCs, suggesting variations in refractive index, internal complexity, size, and granularity inherent to morphological properties, all of which are critical elements influencing FSC/SSC signal intensities [4,22,40]. However, although Terwijn et al. reported distinctions based on SSC properties [4,22], our study found that this parameter alone enabled far inferior HSC-LSC discrimination compared to BF and DNA images. While SSC images alone allowed for the accurate classification of 61.96% of stem cells, combining SSC and BF images did not improve results beyond those obtained with BF images alone (Table 1 and Figure 2). Discrepancies between studies may be due to differences between MFC-generated SSC signals and IFC-based SSC imagery. Using DNA images alone enabled accurate designation of 74.66% of stem cells, while incorporating DNA imagery into classification based on BF images improved model accuracy to 93.42% (Table 1 and Figure 2). This indicates that noticeable nuclear differences exist between HSCs and LSCs. We applied the VDCV dye, which stains nuclei by binding to double-stranded DNA. Variances in VDCV intensities were observed across the BM samples included in our study, with AML patient samples exhibiting stronger signals compared to healthy donor samples. Consequently, compensation of spillover signals from this dye into other channels was required on a patient-specific basis. Speculatively, these differences may stem from inherent variations in DNA, including accessibility, as transformation of HSCs into LSCs is caused by chromosomal alterations, mutations, or changes in epigenetics [41]. Also, it has been demonstrated that HSCs can efflux the VDCV dye via a membrane pump-dependent mechanism, giving rise to a side population (SP) with reduced fluorescence intensity, while the dye tends to be retained within more differentiated cells [42]. Telford et al. previously utilized this phenomenon for identification of stem cells and labeled it the SP technique [42]. Although CD34+ AML contains LSCs within a CD34+CD38− SP [43], it remains unknown whether differences in the extent of dye efflux might have contributed to the observed nucleic differences between HSCs and LSCs in our study.



AML is a heterogeneous disease characterized by various molecular traits, immunophenotypic profiles, and variations in the cell-of-origin and maturation stage [6,13]. These differences may be reflected in LSCs as morphological diversity. Given this complexity, we selected AML patients with similar disease characteristics by the inclusion of only CD34+ and de novo cases. However, there is considerable cytogenetic and molecular heterogeneity between patient samples, reflecting the actual diversity of AML. To accommodate this, LSCs from each AML case were included in equal numbers during model training. Nevertheless, investigating LSC classification results for four AML patients separately revealed marked differences in model performance. For example, LSC recall ranged between 34.48% and 97.00% when classifying solely based on BF images (Figure 4). Hence, our results indicate that CLEC12A+ LSCs from different AML patients show morphological differences. This raises the question of how many distinct AML cases should be included to adequately capture the inter- and intra-patient variations, which could impact the accuracy of the developed classifier. Thus, even if it is possible to discriminate LSCs and healthy HSCs by our methodology, it may not work for other AML types that harbor LSCs with different morphological characteristics. Healthy HSCs, on the other hand, are presumably morphologically similar, although this is yet to be investigated. It may therefore be preferable to employ AI-based recognition of HSCs rather than LSCs when searching for residual disease within AML BM, in which case LSCs would be defined as non-HSCs. This could possibly result in a higher balance in performance metrics across patient samples and could obviate the need for patient-specific assays. Importantly, as HSCs were derived from healthy donor BM samples, our strategy assumes that these are morphologically similar to healthy HSCs co-residing with aberrant LSCs within the stem cell compartment of AML samples. However, it is possible that HSCs and LSCs may exhibit inherently similar morphology within the same patient, despite the malignant transformation leading to LSC formation. If this is the case, the HSC-LSC discrimination strategy proposed in this manuscript could be prone to misclassification, at least in some patient samples. While it would be optimal to instead compare LSCs to HSCs from AML BM, such a strategy remains unfeasible in the current study, as the absence of an LSC-marker does not necessarily equal the absence of malignancy [31]. Identifying HSCs within AML BM would require cell sorting followed by molecular and genetic analyses as well as functional tests, but this is currently not a possibility when using IFC. Also, within AML BM, the CD34+CD38− stem cell compartment may harbor blasts alongside HSCs and LSCs, as blasts may display marker positivity corresponding to their cell-of-origin. In the current study, LSCs were identified by CLEC12A positivity, although CLEC12A is often expressed on leukemic blasts at the time of AML diagnosis [44]. Ensuring optimal immunophenotypic delineation of blasts requires an extensive panel, including markers of monocytic (e.g., CD11b, CD64, CD4), erythroid (e.g., CD71, CD105, CD117), and megakaryocytic differentiation (e.g., CD61, CD42b) [45]. Alternatively, it may be possible to train an AI model to detect blasts using morphology. This has indeed been attempted by Matek et al., who trained a CNN model to recognize myeloblasts in peripheral blood smears from AML patients with precision and sensitivity metrics of 94% [46]. However, accurate distinction between blasts and LSCs ultimately requires functional assays [5,27].



The truth populations for CNN model training in the current study were created by the immunophenotypic detection of HSCs and LSCs within samples from healthy donors and AML patients, respectively (Figure 1). HSCs were identified by gating of the CD34+CD38− stem cell compartment in NBM. In general, CD34 identifies BM cells that are capable of reconstituting the entire hematopoietic system, which is currently exploited successfully in hematopoietic stem cell transplantation [47,48]. Enrichment of HSCs improves further by selecting CD38− cells, as CD34+CD38−, but not CD34+CD38+ BM cells, are capable of long-term production of both myeloid and lymphoid cells [48,49,50,51,52,53]. While both HSCs and their immediate downstream progeny (i.e., multipotent progenitors) are CD34+CD38−, further differentiation stages (i.e., common lymphoid progenitors, common myeloid progenitors, megakaryocyte-erythroid progenitors, and granulocyte-macrophage progenitors) are excluded by being CD34+CD38+ [54]. Although results are conflicting, various studies also suggest the existence of some HSCs within the CD34− fraction [48]. LSCs co-reside with HSCs within the CD34+CD38− compartment. While LSCs are enriched within the aberrant marker-positive CD34+CD38− population [21,29,55,56,57], leukemia initiating cells can be found within all CD34/CD38 combinations in AML [57,58,59,60,61,62]. However, it is not possible to immunophenotypically discriminate LSCs from healthy progenitor cells within the CD34+CD38+ compartment, as the latter express several markers that are also aberrantly expressed on LSCs (e.g., CD45RA, CD123, and CLEC12A) [32]. We identified LSCs by selecting CD34+CD38− stem cells expressing the aberrant marker CLEC12A. Previously, the presence of CLEC12A on LSCs has been reported in 92% of AML cases, while it is absent on healthy CD34+CD38− HSCs and during BM regeneration [25,44]. However, multiple other LSC markers have been described, including CD123, CD7, and CD19 [15,23,63]. Due to the considerable heterogeneity between and within AML samples [30], we refrained from following a one-tube approach as performed by Zeiljemaker et al. [22,63], where multiple LSC markers are placed in a single channel. While some LSC markers have a clear boundary between positive and negative populations (e.g., CD7, CLEC12A, and CD45RA), others may show continuous expression levels and/or overexpression compared with healthy cells (e.g., CD33, CD47, and CD96) [5]. Additionally, the lack of specific aberrant markers is not necessarily equal to the absence of malignant characteristics [5]. Based on these considerations, we decided to include a single well-established LSC marker, namely CLEC12A. However, it is unknown whether CLEC12A+ LSCs are morphologically similar to LSCs displaying positivity of other aberrant markers, which may impact the feasibility of model extrapolation. If our models are applied to classify stem cells within the entire CD34+CD38− stem cell compartment of AML samples, it is likely that multiple other LSCs are identified that were not originally detectable by expression of CLEC12A. An important question in this regard remains how to validate the correct designation of LSCs. This would require isolation of LSCs based on BF, SSC, and/or DNA images followed by molecular and cytogenetic examinations of the presence or absence of leukemia-defining aberrations. In addition, functional tests are needed to prove LSC status irrevocably. Label-free AI-powered systems for cell sorting based on morphology, e.g., ThinkCyte and Deepcell, have recently emerged and are intriguing possibilities for LSC isolation. These novel systems offer unique capabilities of combining single cell imaging with label-free classification and sorting using computer vision [64,65].



Given the prognostic value of LSCs [4], reliable methods for HSC-LSC discrimination are highly sought after. Especially in a clinical setting, maintaining a high sensitivity and specificity is of utmost importance. Both diagnostic procedures and MRD monitoring require robust assays, particularly as some follow-up BM samples encompass only few CD34+CD38− cells [22]. This underlines the need for decreasing FN and FP results when discriminating between HSCs and LSCs. As the frequency of neoplastic CD34+CD38− stem cells holds prognostic impact [4], misclassification of HSCs as LSCs may falsely indicate disease initiation or recurrence. Oppositely, misclassification of LSCs as HSCs may falsely point towards absence of malignant disease. In our study, the BF model showed differing FN and FP results when used for LSC detection, with as many as 22.68% of LSCs misclassified compared with only 3.40% of HSCs (Figure 4). By using a combination of BF, SSC, and DNA images to detect LSCs, it was possible to decrease the FP rate to 6.24%, although at the expense of increasing the FN rate to 7.26% (Figure S6). This poses the consideration of whether future optimization of the model should focus on decreasing misclassification of LSCs or HSCs. One option could be lowering the prediction threshold for assignment of stem cells as LSCs, which may increase clinical relevance by lowering the FN rate in this regard. Given the acute nature of AML, it could be argued that an emphasis should be placed on increasing sensitivity, as not to falsely dismiss return of aggressive malignancy [66]. Also, only discrimination between HSCs and LSCs has been discussed, while the number of detected LSCs required to define a patient as AML/MRD positive needs to be determined. The potential applicability for MRD measurements and prognostics should be examined by detection of LSCs in follow-up BM and correlation with clinicopathological features and outcomes, including relapse. The technique may provide an alternative or an addition to other MRD methods, such as MFC and RT-qPCR.



From a biological viewpoint, it would be of great interest to elucidate which cellular features our results are attributable to. The structure of a neural network is essentially a black box that cannot be easily understood [67]. Therefore, our current work does not enable interpretation of which features HSC-LSC distinction relies upon. Testing of AI models with higher interpretability is a sensible next step, and we expect that it will shed further light on the specific dysmorphological characteristics of LSCs. Moreover, experimenting with crucial characteristics of the CNN architecture, e.g., filters, weights, and the number of neurons, may enable improvements in model performance. Classification may also be enhanced by expanding the ground truth data provided for training. Prior to model training, we performed class balancing by under-sampling, meaning that we discarded data from the abundant class. This was performed to avoid bias towards the majority class of LSCs. However, it resulted in utilization of only 8818 out of 44,277 available LSCs. Although these were randomly sampled in almost equal numbers from each AML patient, presumably conserving the nuances in LSC morphology, this strategy resulted in far less extensive ground truth data. Different options include augmentation of minority class data, over-sampling by duplicating minority class data, or employing cost-sensitive training where minority class mistakes are penalized proportionally to how underrepresented it is. Also, introducing a class representing stem cells that cannot be confidently classified as neither LSCs nor HSCs may have been highly beneficial, which would require setting a classification threshold. However, these techniques for improving model classification are currently not possible within the Amnis AI (AAI) software (V2.1.30) used in this study, as it is designed primarily for simplicity, enabling individuals without prior knowledge of AI and coding to employ deep learning [68]. Alternative software options include CellProfiler combined with TensorFlow and Keras [35,37,39,69,70]; DeepFlow [71]; and Deepometry [72].



Collectively, IFC holds unique potential for combining immunophenotyping and morphological investigation. Multiple other studies have applied this technique to investigate label-free approaches for analysis of blood cell types. In a study by Doan et al., the capability of using IFC combined with deep learning has been demonstrated by identifying leukemic cells in BM samples from children with acute lymphocytic leukemia with an accuracy of 88% solely using BF- and SSC-based features [39]. An AI-assisted IFC method has been developed by Nassar et al. for feature-based classification of white blood cells into eosinophils, lymphocytes, monocytes, and neutrophils with an F1 score of 97%. T and B cells could be further discriminated with an F1 score of 78% [37]. Masking of BF images has allowed proper distinguishment of leukocyte-platelet aggregates from coincidental events [73], and the technique has been further exploited to assess the quality of erythrocytes for blood transfusions [74]. Specifically, within our research group, Rosenberg et al. demonstrated the applicability of using IFC to characterize dyserythropoiesis by analysis of morphometrics within myelodysplastic syndrome samples. Rare binucleated erythroblasts were identified by combining IFC with either feature-based machine learning or a CNN, showing comparable quantification accuracy [75,76]. In our study, we combined IFC and CNN-based image analysis to morphologically discriminate aberrant LSCs and healthy HSCs with an accuracy of 93%. Thus, we have provided proof-of-concept results of a novel AI-based HSC-LSC differentiation technique. Although promising and paving the way for further investigations, additional data and optimization are needed before it can be considered for monitoring of AML patients and possibly even other hematological malignancies. In many cases, rather than being a stand-alone-technique, IFC-based image analysis may prove an important addition to other methodologies.




4. Materials and Methods


4.1. Bone Marrow Samples


All LSCs and HSCs were obtained from BM samples from either AML patients or healthy donors, respectively. Diagnostic cryopreserved BM samples from a total of five AML patients were included in the study (Table 2). Inclusion criteria for AML patients were de novo AML, CD34 positivity, and ≥0.025% CLEC12A+ LSCs out of the total number of events acquired during routine flow cytometric analysis (Figure S2). All AML samples were excess material taken as part of the diagnostic process at the Department of Hematology, Aarhus University Hospital (AUH), Denmark. In addition, cryopreserved BM samples from ten healthy donors (NBM) were included in the study. These samples were either excess material collected during BM harvesting for allogenic stem cell transplantation or were donated to “The Anonymous Biobank for Normal Donors at the Department of Hematology”. The study was approved by the Danish Data Protection Agency (record no.: 1-16-02-849-17) and the Central Denmark Region Committee on Health Research Ethics (record no.: 1-10-72-125-17) and performed in accordance with the Declaration of Helsinki.




4.2. Sample Preparation


Mononuclear cells (MNCs) were harvested from BM aspirates by density gradient centrifugation on Lymphoprep (Alere Technologies AS, Oslo, Norway). Erythrocytes were lysed using lysis buffer (Ampliqon, Odense, Denmark). This was followed by cryopreservation in a storage solution containing 10% DMSO (Sigma-Aldrich/Merck, St. Louis, MO, USA), 50% fetal calf serum (FCS) (Biowest, Nuaillé, France), and 40% RPMI (Invitrogen, Waltham, MA, USA), then stored in liquid nitrogen tanks at −165 °C. Ampoules were thawed by partial submersion in water at 37 °C for one minute. Cells were washed and resuspended in stain buffer (SB) containing 2% FCS (Biowest) and 98% Hank’s balanced salt solution (HBSS) (ThermoFisher, Waltham, MA, USA). Then, MgCl2 (Sigma-Aldrich) and DNase (Sigma-Aldrich) were added to final concentrations of 5 mM and 100 Kunitz units/mL, respectively. The samples were incubated for 10 min at room temperature (RT) or at 37 °C if containing clumps. If clumps consisted, the solution was filtered (Miltenyi Biotec, Bergisch Gladbach, Germany). Cell counting was performed using a Sysmex XP-300TM Automated Hematology Analyzer (Sysmex, Kobe, Japan). The volume of the remaining cell suspension was measured, and SB was added to obtain a final concentration of 80·106 white blood cells/mL. Fc-blocking was performed using Privigen (CSL Behring, Kongens Lyngby, Denmark), added in a final concentration of 100 µg/mL followed by 10 min of incubation at 4 °C [77].




4.3. Staining Procedure


A seven-color IFC panel was designed for identification of HSCs and LSCs in BM samples. Thawed BM MNCs were stained with the following pre-titrated monoclonal antibodies: CLEC12A PE (Clone HB3, created in-house and conjugated by Agilent, Santa Clara, CA, USA), CD14 PE-Texas Red (Clone Tuk4, ThermoFisher), CD45 KrO (Clone J33, Beckman Coulter, Brea, CA, USA), CD38 SBV610 (Clone AT13/5, Bio-Rad, Hercules, CA, USA), CD34 AF647 (Clone 581, BioLegend, San Diego, CA, USA), and Zombie Green (ZG) Viability Dye (BioLegend) (Table S1). Samples were incubated for 30 min at 4 °C in the dark and washed twice. This was followed by staining of DNA with VDCV (Invitrogen) and incubation for 30 min at 37 °C without subsequent washing. Additionally, three control samples were created for each AML and NBM sample: a fluorescence minus two (FM2) sample stained with all antibodies and dyes except CD38 SBV610 and CLEC12A PE, a sample stained solely with VDCV, and an unstained control.




4.4. IFC Configuration and Acquisition


All samples were acquired on the ISX (Cytek Biosciences) at the FACS Core Facility, Aarhus University (AU), Denmark. A data acquisition template was created in the INSPIRE® software (V200.1.620.0, Cytek Biosciences). The following laser power settings were selected: 405 nm; 120 mW, 488 nm; 200 mW, 642 nm; 150 mW, and 785 nm (SSC); 1 mW. BF images were captured in Ch01 and Ch09 and SSC signal in Ch06. Each stain was detected as follows: ZG in Ch02, CLEC12A PE in Ch03, CD14 PE-Texas Red in Ch04, VDCV in Ch07, CD45 KrO in Ch08, CD38 SBV610 in Ch10, and CD34 AF647 in Ch11. Consecutive raw image files (.rif) were obtained at low speed and a magnification of 60x. The number of replicas per BM sample depended on the amount of available sample material. A median of 7 (range: 7–21) and 14.5 (range: 8–19) replicas were collected for AML and NBM samples, respectively. Additionally, 20,000 singlets were collected from each unstained control sample, 50,000 singlets from each FM2, and 20,000 singlets from each sample stained solely with VDCV. As samples were acquired on different days, instrument performance was validated prior to each run using Rainbow Calibration Particles (Spherotech, Lake Forest, IL, USA). The median fluorescence intensity of peak six was measured and compared with a baseline interval. Single-stained compensation controls were created using Quantum Simply Cellular Beads (anti-mouse IgG, Bangs Laboratories Inc, Fishers, IN, USA) for all antibodies and MNCs for viability and DNA dyes. Sample-specific VDCV compensation controls were created due to varying DNA signals. The INSPIRE® compensation wizard was utilized to collect 2000 positive singlets from each sample, followed by creation of a compensation matrix in the IDEAS® software (V6.3.41.0, Cytek Biosciences) using the best fit linear regression method. A compensation matrix was subsequently applied to each acquired .rif file prior to analysis.




4.5. Gating of Healthy and Leukemic Stem Cell Populations


Based on the fact that CLEC12A is not expressed on healthy HSCs [32], we defined CLEC12A+CD34+CD38− cells from AML samples as LSCs and CLEC12A−CD34+CD38− cells from healthy BM as HSCs. Gating of all samples was performed using the IDEAS® software (V6.3.41.0, Cytek Biosciences). Initially, cells in focus were selected based on gradient root mean square (RMS) values of BF images. Gating was guided by visual inspection of BF images in each histogram bin (Figure 5A). Then, the files were checked for images that included saturated pixels. For each fluorescence channel, we gated events having a raw max pixel feature value below 4096 and/or a saturation count below one (Figure 5B). Any cells in unstable flow were excluded using the time parameter (Figure 5C). A single cell gate was created using the area and aspect ratio, by which cellular aggregates and debris were excluded (Figure 5D). Live cells were gated as ZGneg–dim (Figure 5E) and nucleated cells as VDCV+ (Figure 5F). Next, CD45lowCD14−CD34+CD38− stem cells were identified. A gate was placed around the CD45low population in a bivariate plot showing SSC signals against CD45 KrO intensity (Figure 5G). The CD45 KrO intensity feature was based on a mask customized to select pixels corresponding to the cell membrane (Figure S3). Any monocytes remaining in the population were excluded by gating CD14− cells (Figure 5H). Finally, the CD34+CD38− stem cell compartment was selected (Figure 5J), from which a subset of LSCs were identified as CLEC12A+ in AML samples (Figure 5L). The FM2 was used to define the boundary for positivity of CD38 SBV610 and CLEC12A PE (Figure 5I,K). Lastly, any clipped images or images that contained debris fragments along with the cell were excluded as those with a circularity feature ≤ 5 (Figure S4). All masks and features are described in detail in Figure S5 and Table S2.




4.6. Data Partitioning and Class Balancing


A total of 44,277 CLEC12A+ LSCs and 8818 CLEC12A− HSCs were available from five AML and ten NBM samples, respectively. To avoid bias towards the majority class of LSCs, class balancing was performed manually prior to model training by reducing the LSC sample size to 8818 randomly selected LSCs with approximately equal representation among the individual AML samples. Thus, the final dataset consisted of 8818 CLEC12A+ LSCs and 8818 CLEC12A−HSCs (Table 3).




4.7. CNN Model Development Using Amnis® AI


Deep learning was performed using the AAI software (V2.1.30, Cytek Biosciences). This applies the Keras Application Programming Interface (V2.1.5) with TensorFlow (V1.7.0) and uses a CNN model architecture based on the VGG16 network [78,79,80]. The process of creating ground truth populations and training new CNN models within the AAI software has been described in detail in several recent publications [68,76,78]. In the current study, we applied this software to train a CNN to distinguish between CLEC12A+ LSCs and CLEC12A− HSCs based on images captured using IFC. Parameters included were Ch01 BF images, Ch06 SSC images, and Ch07 DNA images. Seven different CNN models were created based on the following combinations of image data: BF only, SSC only, DNA only, SSC + DNA, BF + SSC, BF + DNA, and BF + SSC + DNA. Initially, the data were loaded into the software, and the appropriate input channels were selected. Immunophenotypically defined HSC and LSC populations were assigned as truth populations. Maximum image sizes were set to 150 × 150 pixels to ensure that no images were excluded based on size, and pixel values were normalized to the range 0 to 1 [78]. The AAI software then randomly partitioned the data into training, validation, and test sets by a preconfigured 80/10/10 ratio [68], with the goal of creating models with the highest accuracy possible when used to classify unseen data. While training was performed using the training data, accuracy was calculated following each iteration for both the training and validation sets, and the two metrics were followed during training by the generation of accuracy curves (Figure S6). Training was stopped upon convergence of training and validation accuracy, following a pre-configured algorithm within the AAI software. Lastly, model performance was evaluated by assessment of classification of the test data, which was unseen by the CNN during model training. For both LSC and HSC classes, the number of true positive (TP), true negative (TN), FP, and FN results were obtained. The following performance metrics were calculated: accuracy, recall, precision, and the F1 score. In general, accuracy delineates how often classification is correct by calculating the percentage of true predictions out of the total number of events:


  A c c u r a c y =   T P + T N   T P + T N + F P + F N    











Recall denotes the percentage of all positive events that were classified as positive by the model, also known as the true positive rate or sensitivity:


  R e c a l l =   T P   T P + F N    











Precision is defined as the proportion of positive events that were correctly classified:


  P r e c i s i o n =   T P   T P + F P    











The F1 score represents the harmonic mean of precision and recall [66,68]:


    F   1   =   2 · p r e c i s i o n · r e c a l l   p r e c i s i o n + r e c a l l    











These statistical measures were applied to analyze our data. The results were visualized by the creation of figures using RStudio (V1.3.1093, Posit, Boston, MA, USA).




4.8. Patient-Specific LSC Classification


A fraction of the CLEC12A+ LSCs gated from AML samples were retained and not utilized for CNN model development and testing due to class balancing of HSC-LSC data sets. Consequently, additional CLEC12A+ LSCs were available from the AML samples and utilized for further model evaluation on a per-patient basis. A total of 8487 CLEC12A+ LSCs were selected from AML patient no. 1 (n = 2700), 2 (n = 2667), 3 (n = 420), and 4 (n = 2700). All CLEC12A+ LSCs from AML patient no. 5 had already been included in previous analyses. Each of the seven models were employed for classification of these stem cells as either HSCs or LSCs. The percentage of predicted LSCs, corresponding to LSC recall, was determined both overall and separately for each AML patient.









Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/ijms25126465/s1.





Author Contributions


Conceptualization, T.E.H. (Trine Engelbrecht Hybel), M.B., C.A.R. and M.L.; Data curation, T.E.H. (Trine Engelbrecht Hybel), S.H.J., M.A.R., T.E.H. (Thomas Engelbrecht Hybel), S.H.Q. and C.A.R.; Funding acquisition, T.E.H. (Trine Engelbrecht Hybel), S.H.Q., C.A.R. and M.L.; Investigation, T.E.H. (Trine Engelbrecht Hybel), S.H.J., M.A.R., T.E.H. (Thomas Engelbrecht Hybel), M.N.P., M.H.E. and C.A.R.; Methodology, T.E.H. (Trine Engelbrecht Hybel), S.H.J., M.A.R., S.H.Q., M.B. and C.A.R.; Software, T.E.H. (Trine Engelbrecht Hybel), S.H.J., M.A.R., T.E.H. (Thomas Engelbrecht Hybel) and C.A.R.; Supervision, M.B., C.A.R. and M.L.; Visualization, T.E.H. (Trine Engelbrecht Hybel) and C.A.R.; Writing—original draft, T.E.H. (Trine Engelbrecht Hybel) and C.A.R.; Writing—review and editing, T.E.H. (Trine Engelbrecht Hybel), S.H.J., M.A.R., T.E.H. (Thomas Engelbrecht Hybel), M.N.P., S.H.Q., M.H.E., M.B., C.A.R. and M.L. All authors have read and agreed to the published version of the manuscript.




Funding


The study was supported by grants from the Danish Cancer Society to M.L. and S.H.Q., grants from Max Wørzner and wife Inger Wørzner’s Foundation to C.A.R. and Tr.E.H., and grants from the Department of Clinical Medicine, AU, the Toyota Foundation, Dagmar Marshall’s Foundation, Eva and Henry Frænkel’s Memorial Foundation, Poul and Ellen Hertz’s Foundation, Aase and Ejnar Danielsen’s Foundation, and the Family Hede Nielsen Foundation to Tr.E.H.




Institutional Review Board Statement


The study was approved by the Danish Data Protection Agency (record no.: 1-16-02-849-17) and the Central Denmark Region Committee on Health Research Ethics (record no.: 1-10-72-125-17) and performed in accordance with the Declaration of Helsinki.




Informed Consent Statement


Patient consent was waived due to dispensation from informed consent by the institutional boards.




Data Availability Statement


The data presented in this study are available on reasonable request from corresponding author M.L.




Acknowledgments


The authors gratefully acknowledge the FACS Core Facility at AU, Denmark for access to the ImageStream®X Mark II and Anja Bille Bohn for excellent technical assistance. We thank Lene Hyldahl Ebbesen at the Department of Hematology, AUH, Denmark for access to BM material from healthy controls.




Conflicts of Interest


During the initial data analysis and data generation, M.A.R. was employed by Cytek Biosciences, the developer of the Amnis® ImageStream technology and instruments as well as the data analysis software used in this study. No other competing interests were declared by the authors.




References


	



Jani, C.T.; Ahmed, A.; Singh, H.; Mouchati, C.; Al Omari, O.; Bhatt, P.S.; Sharma, R.; Farooq, M.; Liu, W.; Shalhoub, J.; et al. Burden of AML, 1990–2019: Estimates From the Global Burden of Disease Study. JCO Glob. Oncol. 2023, 9, e2300229. [Google Scholar] [CrossRef] [PubMed]

	



van Gils, N.; Denkers, F.; Smit, L. Escape from Treatment; the Different Faces of Leukemic Stem Cells and Therapy Resistance in Acute Myeloid Leukemia. Front. Oncol. 2021, 11, 1454. [Google Scholar] [CrossRef] [PubMed]

	



Ishikawa, F.; Yoshida, S.; Saito, Y.; Hijikata, A.; Kitamura, H.; Tanaka, S.; Nakamura, R.; Tanaka, T.; Tomiyama, H.; Saito, N.; et al. Chemotherapy-Resistant Human AML Stem Cells Home to and Engraft within the Bone-Marrow Endosteal Region. Nat. Biotechnol. 2007, 25, 1315–1321. [Google Scholar] [CrossRef] [PubMed]

	



Terwijn, M.; Zeijlemaker, W.; Kelder, A.; Rutten, A.P.; Snel, A.N.; Scholten, W.J.; Pabst, T.; Verhoef, G.; Löwenberg, B.; Zweegman, S.; et al. Leukemic Stem Cell Frequency: A Strong Biomarker for Clinical Outcome in Acute Myeloid Leukemia. PLoS ONE 2014, 9, e107587. [Google Scholar] [CrossRef] [PubMed]

	



Long, N.A.; Golla, U.; Sharma, A.; Claxton, D.F. Acute Myeloid Leukemia Stem Cells: Origin, Characteristics, and Clinical Implications. Stem Cell Rev. Rep. 2022, 18, 1211–1226. [Google Scholar] [CrossRef] [PubMed]

	



De Kouchkovsky, I.; Abdul-Hay, M. Acute Myeloid Leukemia: A Comprehensive Review and 2016 Update. Blood Cancer J. 2016, 6, e441. [Google Scholar] [CrossRef] [PubMed]

	



Pelcovits, A.; Niroula, R. Acute Myeloid Leukemia: A Review. R. I. Med. J. 2020, 103, 38–40. [Google Scholar]

	



Newell, L.F.; Cook, R.J. Advances in Acute Myeloid Leukemia. BMJ 2021, 375, n2026. [Google Scholar] [CrossRef] [PubMed]

	



Shimony, S.; Stahl, M.; Stone, R.M. Acute Myeloid Leukemia: 2023 Update on Diagnosis, Risk-Stratification, and Management. Am. J. Hematol. 2023, 98, 502–526. [Google Scholar] [CrossRef]

	



Döhner, H.; Estey, E.; Grimwade, D.; Amadori, S.; Appelbaum, F.R.; Büchner, T.; Dombret, H.; Ebert, B.L.; Fenaux, P.; Larson, R.A.; et al. Diagnosis and Management of AML in Adults: 2017 ELN Recommendations from an International Expert Panel. Blood 2017, 129, 424–447. [Google Scholar] [CrossRef]

	



Döhner, H.; Estey, E.H.; Amadori, S.; Appelbaum, F.R.; Büchner, T.; Burnett, A.K.; Dombret, H.; Fenaux, P.; Grimwade, D.; Larson, R.A.; et al. Diagnosis and Management of Acute Myeloid Leukemia in Adults: Recommendations from an International Expert Panel, on Behalf of the European LeukemiaNet. Blood 2010, 115, 453–474. [Google Scholar] [CrossRef] [PubMed]

	



Dombret, H.; Gardin, C. An Update of Current Treatments for Adult Acute Myeloid Leukemia. Blood 2016, 127, 53–61. [Google Scholar] [CrossRef] [PubMed]

	



Döhner, H.; Weisdorf, D.J.; Bloomfield, C.D. Acute Myeloid Leukemia. N. Engl. J. Med. 2015, 373, 1136–1152. [Google Scholar] [CrossRef] [PubMed]

	



Bradbury, C.; Houlton, A.E.; Akiki, S.; Gregg, R.; Rindl, M.; Khan, J.; Ward, J.; Khan, N.; Griffiths, M.; Nagra, S.; et al. Prognostic Value of Monitoring a Candidate Immunophenotypic Leukaemic Stem/Progenitor Cell Population in Patients Allografted for Acute Myeloid Leukaemia. Leukemia 2015, 29, 988–991. [Google Scholar] [CrossRef] [PubMed]

	



van Rhenen, A.; Moshaver, B.; Kelder, A.; Feller, N.; Nieuwint, A.W.M.; Zweegman, S.; Ossenkoppele, G.J.; Schuurhuis, G.J. Aberrant Marker Expression Patterns on the CD34+CD38- Stem Cell Compartment in Acute Myeloid Leukemia Allows to Distinguish the Malignant from the Normal Stem Cell Compartment Both at Diagnosis and in Remission. Leukemia 2007, 21, 1700–1707. [Google Scholar] [CrossRef] [PubMed]

	



Döhner, H.; Wei, A.H.; Appelbaum, F.R.; Craddock, C.; DiNardo, C.D.; Dombret, H.; Ebert, B.L.; Fenaux, P.; Godley, L.A.; Hasserjian, R.P.; et al. Diagnosis and Management of AML in Adults: 2022 Recommendations from an International Expert Panel on Behalf of the ELN. Blood 2022, 140, 1345–1377. [Google Scholar] [CrossRef] [PubMed]

	



Grimwade, D.; Freeman, S.D. Defining Minimal Residual Disease in Acute Myeloid Leukemia: Which Platforms Are Ready for “Prime Time”? Blood 2014, 124, 3345–3355. [Google Scholar] [CrossRef] [PubMed]

	



Schuurhuis, G.J.; Heuser, M.; Freeman, S.; Béné, M.-C.; Buccisano, F.; Cloos, J.; Grimwade, D.; Haferlach, T.; Hills, R.K.; Hourigan, C.S.; et al. Minimal/Measurable Residual Disease in AML: A Consensus Document from the European LeukemiaNet MRD Working Party. Blood 2018, 131, 1275–1291. [Google Scholar] [CrossRef] [PubMed]

	



Blachly, J.S.; Walter, R.B.; Hourigan, C.S. The Present and Future of Measurable Residual Disease Testing in Acute Myeloid Leukemia. Haematologica 2022, 107, 2810–2822. [Google Scholar] [CrossRef]

	



Canali, A.; Vergnolle, I.; Bertoli, S.; Largeaud, L.; Nicolau, M.-L.; Rieu, J.-B.; Tavitian, S.; Huguet, F.; Picard, M.; Bories, P.; et al. Prognostic Impact of Unsupervised Early Assessment of Bulk and Leukemic Stem Cell Measurable Residual Disease in Acute Myeloid Leukemia. Clin. Cancer Res. 2023, 29, 134–142. [Google Scholar] [CrossRef]

	



Zeijlemaker, W.; Grob, T.; Meijer, R.; Hanekamp, D.; Kelder, A.; Carbaat-Ham, J.C.; Oussoren-Brockhoff, Y.J.M.; Snel, A.N.; Veldhuizen, D.; Scholten, W.J.; et al. CD34(+)CD38(−) Leukemic Stem Cell Frequency to Predict Outcome in Acute Myeloid Leukemia. Leukemia 2019, 33, 1102–1112. [Google Scholar] [CrossRef] [PubMed]

	



Zeijlemaker, W.; Kelder, A.; Cloos, J.; Schuurhuis, G.J. Immunophenotypic Detection of Measurable Residual (Stem Cell) Disease Using LAIP Approach in Acute Myeloid Leukemia. Curr. Protoc. Cytom. 2019, 91, e66. [Google Scholar] [CrossRef] [PubMed]

	



Jordan, C.T.; Upchurch, D.; Szilvassy, S.J.; Guzman, M.L.; Howard, D.S.; Pettigrew, A.L.; Meyerrose, T.; Rossi, R.; Grimes, B.; Rizzieri, D.A.; et al. The Interleukin-3 Receptor Alpha Chain Is a Unique Marker for Human Acute Myelogenous Leukemia Stem Cells. Leukemia 2000, 14, 1777–1784. [Google Scholar] [CrossRef] [PubMed]

	



Haubner, S.; Perna, F.; Köhnke, T.; Schmidt, C.; Berman, S.; Augsberger, C.; Schnorfeil, F.M.; Krupka, C.; Lichtenegger, F.S.; Liu, X.; et al. Coexpression Profile of Leukemic Stem Cell Markers for Combinatorial Targeted Therapy in AML. Leukemia 2019, 33, 64–74. [Google Scholar] [CrossRef] [PubMed]

	



van Rhenen, A.; van Dongen, G.A.M.S.; Kelder, A.; Rombouts, E.J.; Feller, N.; Moshaver, B.; Stigter-van Walsum, M.; Zweegman, S.; Ossenkoppele, G.J.; Jan Schuurhuis, G. The Novel AML Stem Cell Associated Antigen CLL-1 Aids in Discrimination between Normal and Leukemic Stem Cells. Blood 2007, 110, 2659–2666. [Google Scholar] [CrossRef] [PubMed]

	



Lapidot, T.; Sirard, C.; Vormoor, J.; Murdoch, B.; Hoang, T.; Caceres-Cortes, J.; Minden, M.; Paterson, B.; Caligiuri, M.A.; Dick, J.E. A Cell Initiating Human Acute Myeloid Leukaemia after Transplantation into SCID Mice. Nature 1994, 367, 645–648. [Google Scholar] [CrossRef] [PubMed]

	



Bonnet, D.; Dick, J.E. Human Acute Myeloid Leukemia Is Organized as a Hierarchy That Originates from a Primitive Hematopoietic Cell. Nat. Med. 1997, 3, 730–737. [Google Scholar] [CrossRef] [PubMed]

	



Thomas, D.; Majeti, R. Biology and Relevance of Human Acute Myeloid Leukemia Stem Cells. Blood 2017, 129, 1577–1585. [Google Scholar] [CrossRef] [PubMed]

	



Petersen, M.A.; Rosenberg, C.A.; Brøndum, R.F.; Aggerholm, A.; Kjeldsen, E.; Rahbek, O.; Ludvigsen, M.; Hasle, H.; Roug, A.S.; Bill, M. Immunophenotypically Defined Stem Cell Subsets in Paediatric AML Are Highly Heterogeneous and Demonstrate Differences in BCL-2 Expression by Cytogenetic Subgroups. Br. J. Haematol. 2022, 197, 452–466. [Google Scholar] [CrossRef] [PubMed]

	



Petersen, M.A.; Bill, M.; Rosenberg, C.A. OMIP 072: A 15-Color Panel for Immunophenotypic Identification, Quantification, and Characterization of Leukemic Stem Cells in Children with Acute Myeloid Leukemia. Cytom. Part A J. Int. Soc. Anal. Cytol. 2021, 99, 382–387. [Google Scholar] [CrossRef]

	



Bill, M.; Aggerholm, A.; Kjeldsen, E.; Roug, A.S.; Hokland, P.; Nederby, L. Revisiting CLEC12A as Leukaemic Stem Cell Marker in AML: Highlighting the Necessity of Precision Diagnostics in Patients Eligible for Targeted Therapy. Br. J. Haematol. 2019, 184, 769–781. [Google Scholar] [CrossRef] [PubMed]

	



Bill, M.; van Kooten Niekerk, P.B.; Woll, P.S.; Laine Herborg, L.; Stidsholt Roug, A.; Hokland, P.; Nederby, L. Mapping the CLEC12A Expression on Myeloid Progenitors in Normal Bone Marrow; Implications for Understanding CLEC12A-Related Cancer Stem Cell Biology. J. Cell. Mol. Med. 2018, 22, 2311–2318. [Google Scholar] [CrossRef] [PubMed]

	



Arnone, M.; Konantz, M.; Hanns, P.; Paczulla Stanger, A.M.; Bertels, S.; Godavarthy, P.S.; Christopeit, M.; Lengerke, C. Acute Myeloid Leukemia Stem Cells: The Challenges of Phenotypic Heterogeneity. Cancers 2020, 12, 3742. [Google Scholar] [CrossRef]

	



Han, Y.; Gu, Y.; Zhang, A.C.; Lo, Y.-H. Review: Imaging Technologies for Flow Cytometry. Lab Chip 2016, 16, 4639–4647. [Google Scholar] [CrossRef] [PubMed]

	



Doan, M.; Vorobjev, I.; Rees, P.; Filby, A.; Wolkenhauer, O.; Goldfeld, A.E.; Lieberman, J.; Barteneva, N.; Carpenter, A.E.; Hennig, H. Diagnostic Potential of Imaging Flow Cytometry. Trends Biotechnol. 2018, 36, 649–652. [Google Scholar] [CrossRef]

	



Basiji, D.A. Principles of Amnis Imaging Flow Cytometry. Methods Mol. Biol. 2016, 1389, 13–21. [Google Scholar] [CrossRef] [PubMed]

	



Nassar, M.; Doan, M.; Filby, A.; Wolkenhauer, O.; Fogg, D.K.; Piasecka, J.; Thornton, C.A.; Carpenter, A.E.; Summers, H.D.; Rees, P.; et al. Label-Free Identification of White Blood Cells Using Machine Learning. Cytom. Part A 2019, 95, 836–842. [Google Scholar] [CrossRef] [PubMed]

	



Doan, M.; Carpenter, A.E. Leveraging Machine Vision in Cell-Based Diagnostics to Do More with Less. Nat. Mater. 2019, 18, 414–418. [Google Scholar] [CrossRef] [PubMed]

	



Doan, M.; Case, M.; Masic, D.; Hennig, H.; McQuin, C.; Caicedo, J.; Singh, S.; Goodman, A.; Wolkenhauer, O.; Summers, H.D.; et al. Label-Free Leukemia Monitoring by Computer Vision. Cytom. Part A 2020, 97, 407–414. [Google Scholar] [CrossRef]

	



Shapiro, H.M. Practical Flow Cytometry; John Wiley & Sons: Hoboken, NJ, USA, 2003; ISBN 0471434035. [Google Scholar]

	



Kumar, C.C. Genetic Abnormalities and Challenges in the Treatment of Acute Myeloid Leukemia. Genes Cancer 2011, 2, 95–107. [Google Scholar] [CrossRef]

	



Telford, W.G.; Bradford, J.; Godfrey, W.; Robey, R.W.; Bates, S.E. Side Population Analysis Using a Violet-Excited Cell-Permeable DNA Binding Dye. Stem Cells 2007, 25, 1029–1036. [Google Scholar] [CrossRef]

	



Moshaver, B.; Wouters, R.F.; Kelder, A.; Ossenkoppele, G.J.; Westra, G.A.H.; Kwidama, Z.; Rutten, A.R.; Kaspers, G.J.L.; Zweegman, S.; Cloos, J.; et al. Relationship between CD34/CD38 and Side Population (SP) Defined Leukemia Stem Cell Compartments in Acute Myeloid Leukemia. Leuk. Res. 2019, 81, 27–34. [Google Scholar] [CrossRef]

	



Bakker, A.B.H.; van den Oudenrijn, S.; Bakker, A.Q.; Feller, N.; van Meijer, M.; Bia, J.A.; Jongeneelen, M.A.C.; Visser, T.J.; Bijl, N.; Geuijen, C.A.W.; et al. C-Type Lectin-like Molecule-1: A Novel Myeloid Cell Surface Marker Associated with Acute Myeloid Leukemia. Cancer Res. 2004, 64, 8443–8450. [Google Scholar] [CrossRef]

	



Galera, P.K.; Jiang, C.; Braylan, R. Immunophenotyping of Acute Myeloid Leukemia. Methods Mol. Biol. 2019, 2032, 281–296. [Google Scholar] [CrossRef] [PubMed]

	



Matek, C.; Schwarz, S.; Spiekermann, K.; Marr, C. Human-Level Recognition of Blast Cells in Acute Myeloid Leukaemia with Convolutional Neural Networks. Nat. Mach. Intell. 2019, 1, 538–544. [Google Scholar] [CrossRef]

	



Berenson, R.J.; Andrews, R.G.; Bensinger, W.I.; Kalamasz, D.; Knitter, G.; Buckner, C.D.; Bernstein, I.D. Antigen CD34+ Marrow Cells Engraft Lethally Irradiated Baboons. J. Clin. Investig. 1988, 81, 951–955. [Google Scholar] [CrossRef] [PubMed]

	



Engelhardt, M.; Lübbert, M.; Guo, Y. CD34+ or CD34−: Which Is the More Primitive? Leukemia 2002, 16, 1603–1608. [Google Scholar] [CrossRef]

	



Hao, Q.L.; Thiemann, F.T.; Petersen, D.; Smogorzewska, E.M.; Crooks, G.M. Extended Long-Term Culture Reveals a Highly Quiescent and Primitive Human Hematopoietic Progenitor Population. Blood 1996, 88, 3306–3313. [Google Scholar] [CrossRef]

	



Huang, S.; Terstappen, L.W. Lymphoid and Myeloid Differentiation of Single Human CD34+, HLA-DR+, CD38- Hematopoietic Stem Cells. Blood 1994, 83, 1515–1526. [Google Scholar] [CrossRef]

	



Miller, J.S.; McCullar, V.; Punzel, M.; Lemischka, I.R.; Moore, K.A. Single Adult Human CD34(+)/Lin-/CD38(-) Progenitors Give Rise to Natural Killer Cells, B-Lineage Cells, Dendritic Cells, and Myeloid Cells. Blood 1999, 93, 96–106. [Google Scholar] [CrossRef]

	



Petzer, A.L.; Hogge, D.E.; Landsdorp, P.M.; Reid, D.S.; Eaves, C.J. Self-Renewal of Primitive Human Hematopoietic Cells (Long-Term-Culture-Initiating Cells) in Vitro and Their Expansion in Defined Medium. Proc. Natl. Acad. Sci. USA 1996, 93, 1470–1474. [Google Scholar] [CrossRef] [PubMed]

	



Terstappen, L.W.; Huang, S.; Safford, M.; Lansdorp, P.M.; Loken, M.R. Sequential Generations of Hematopoietic Colonies Derived from Single Nonlineage-Committed CD34+CD38- Progenitor Cells. Blood 1991, 77, 1218–1227. [Google Scholar] [CrossRef] [PubMed]

	



Seita, J.; Weissman, I.L. Hematopoietic Stem Cell: Self-Renewal versus Differentiation. Wiley Interdiscip. Rev. Syst. Biol. Med. 2010, 2, 640–653. [Google Scholar] [CrossRef] [PubMed]

	



Hanekamp, D.; Snel, A.N.; Kelder, A.; Scholten, W.J.; Khan, N.; Metzner, M.; Irno-Consalvo, M.; Sugita, M.; de Jong, A.; Oude Alink, S.; et al. Applicability and Reproducibility of Acute Myeloid Leukaemia Stem Cell Assessment in a Multi-Centre Setting. Br. J. Haematol. 2020, 190, 891–900. [Google Scholar] [CrossRef] [PubMed]

	



Ng, S.W.K.; Mitchell, A.; Kennedy, J.A.; Chen, W.C.; McLeod, J.; Ibrahimova, N.; Arruda, A.; Popescu, A.; Gupta, V.; Schimmer, A.D.; et al. A 17-Gene Stemness Score for Rapid Determination of Risk in Acute Leukaemia. Nature 2016, 540, 433–437. [Google Scholar] [CrossRef] [PubMed]

	



Eppert, K.; Takenaka, K.; Lechman, E.R.; Waldron, L.; Nilsson, B.; van Galen, P.; Metzeler, K.H.; Poeppl, A.; Ling, V.; Beyene, J.; et al. Stem Cell Gene Expression Programs Influence Clinical Outcome in Human Leukemia. Nat. Med. 2011, 17, 1086–1093. [Google Scholar] [CrossRef] [PubMed]

	



Taussig, D.C.; Vargaftig, J.; Miraki-Moud, F.; Griessinger, E.; Sharrock, K.; Luke, T.; Lillington, D.; Oakervee, H.; Cavenagh, J.; Agrawal, S.G.; et al. Leukemia-Initiating Cells from Some Acute Myeloid Leukemia Patients with Mutated Nucleophosmin Reside in the CD34(-) Fraction. Blood 2010, 115, 1976–1984. [Google Scholar] [CrossRef] [PubMed]

	



Sarry, J.-E.; Murphy, K.; Perry, R.; Sanchez, P.V.; Secreto, A.; Keefer, C.; Swider, C.R.; Strzelecki, A.-C.; Cavelier, C.; Récher, C.; et al. Human Acute Myelogenous Leukemia Stem Cells Are Rare and Heterogeneous When Assayed in NOD/SCID/IL2Rγc-Deficient Mice. J. Clin. Investig. 2011, 121, 384–395. [Google Scholar] [CrossRef] [PubMed]

	



Goardon, N.; Marchi, E.; Atzberger, A.; Quek, L.; Schuh, A.; Soneji, S.; Woll, P.; Mead, A.; Alford, K.A.; Rout, R.; et al. Coexistence of LMPP-like and GMP-like Leukemia Stem Cells in Acute Myeloid Leukemia. Cancer Cell 2011, 19, 138–152. [Google Scholar] [CrossRef] [PubMed]

	



Quek, L.; Otto, G.W.; Garnett, C.; Lhermitte, L.; Karamitros, D.; Stoilova, B.; Lau, I.-J.; Doondeea, J.; Usukhbayar, B.; Kennedy, A.; et al. Genetically Distinct Leukemic Stem Cells in Human CD34- Acute Myeloid Leukemia Are Arrested at a Hemopoietic Precursor-like Stage. J. Exp. Med. 2016, 213, 1513–1535. [Google Scholar] [CrossRef]

	



Ho, T.-C.; LaMere, M.; Stevens, B.M.; Ashton, J.M.; Myers, J.R.; O’Dwyer, K.M.; Liesveld, J.L.; Mendler, J.H.; Guzman, M.; Morrissette, J.D.; et al. Evolution of Acute Myelogenous Leukemia Stem Cell Properties after Treatment and Progression. Blood 2016, 128, 1671–1678. [Google Scholar] [CrossRef] [PubMed]

	



Zeijlemaker, W.; Kelder, A.; Oussoren-Brockhoff, Y.J.M.; Scholten, W.J.; Snel, A.N.; Veldhuizen, D.; Cloos, J.; Ossenkoppele, G.J.; Schuurhuis, G.J. A Simple One-Tube Assay for Immunophenotypical Quantification of Leukemic Stem Cells in Acute Myeloid Leukemia. Leukemia 2016, 30, 439–446. [Google Scholar] [CrossRef] [PubMed]

	



Salek, M.; Li, N.; Chou, H.-P.; Saini, K.; Jovic, A.; Jacobs, K.B.; Johnson, C.; Lu, V.; Lee, E.J.; Chang, C.; et al. COSMOS: A Platform for Real-Time Morphology-Based, Label-Free Cell Sorting Using Deep Learning. Commun. Biol. 2023, 6, 971. [Google Scholar] [CrossRef]

	



Ota, S.; Horisaki, R.; Kawamura, Y.; Ugawa, M.; Sato, I.; Hashimoto, K.; Kamesawa, R.; Setoyama, K.; Yamaguchi, S.; Fujiu, K.; et al. Ghost Cytometry. Science 2018, 360, 1246–1251. [Google Scholar] [CrossRef]

	



Ng, D.P.; Simonson, P.D.; Tarnok, A.; Lucas, F.; Kern, W.; Rolf, N.; Bogdanoski, G.; Green, C.; Brinkman, R.R.; Czechowska, K. Recommendations for Using Artificial Intelligence in Clinical Flow Cytometry. Cytom. Part B Clin. Cytom. 2024, in press. [Google Scholar] [CrossRef]

	



James, G.; Witten, D.; Hastie, T.; Tibshirani, R. An Introduction to Statistical Learning; Springer: New York, NY, USA, 2021. [Google Scholar]

	



Rodrigues, M.A.; Probst, C.E.; Zayats, A.; Davidson, B.; Riedel, M.; Li, Y.; Venkatachalam, V. The in Vitro Micronucleus Assay Using Imaging Flow Cytometry and Deep Learning. NPJ Syst. Biol. Appl. 2021, 7, 20. [Google Scholar] [CrossRef]

	



Stirling, D.R.; Swain-Bowden, M.J.; Lucas, A.M.; Carpenter, A.E.; Cimini, B.A.; Goodman, A. CellProfiler 4: Improvements in Speed, Utility and Usability. BMC Bioinform. 2021, 22, 433. [Google Scholar] [CrossRef] [PubMed]

	



Hennig, H.; Rees, P.; Blasi, T.; Kamentsky, L.; Hung, J.; Dao, D.; Carpenter, A.E.; Filby, A. An Open-Source Solution for Advanced Imaging Flow Cytometry Data Analysis Using Machine Learning. Methods 2017, 112, 201–210. [Google Scholar] [CrossRef]

	



Eulenberg, P.; Köhler, N.; Blasi, T.; Filby, A.; Carpenter, A.E.; Rees, P.; Theis, F.J.; Wolf, F.A. Reconstructing Cell Cycle and Disease Progression Using Deep Learning. Nat. Commun. 2017, 8, 463. [Google Scholar] [CrossRef] [PubMed]

	



Doan, M.; Barnes, C.; McQuin, C.; Caicedo, J.C.; Goodman, A.; Carpenter, A.E.; Rees, P. Deepometry, a Framework for Applying Supervised and Weakly Supervised Deep Learning to Imaging Cytometry. Nat. Protoc. 2021, 16, 3572–3595. [Google Scholar] [CrossRef]

	



Hui, H.; Fuller, K.A.; Erber, W.N.; Linden, M.D. Imaging Flow Cytometry in the Assessment of Leukocyte-Platelet Aggregates. Methods 2017, 112, 46–54. [Google Scholar] [CrossRef] [PubMed]

	



Doan, M.; Sebastian, J.A.; Caicedo, J.C.; Siegert, S.; Roch, A.; Turner, T.R.; Mykhailova, O.; Pinto, R.N.; McQuin, C.; Goodman, A.; et al. Objective Assessment of Stored Blood Quality by Deep Learning. Proc. Natl. Acad. Sci. USA 2020, 117, 21381–21390. [Google Scholar] [CrossRef] [PubMed]

	



Rosenberg, C.A.; Bill, M.; Rodrigues, M.A.; Hauerslev, M.; Kerndrup, G.B.; Hokland, P.; Ludvigsen, M. Exploring Dyserythropoiesis in Patients with Myelodyspla Stic Syndrome by Imaging Flow Cytometry and Machine-Learning Assisted Morphometrics. Clin. Cytom. Part B 2020, 100, 554–567. [Google Scholar] [CrossRef] [PubMed]

	



Rosenberg, C.A.; Rodrigues, M.A.; Bill, M.; Ludvigsen, M. Comparative Analysis of Feature-Based ML and CNN for Binucleated Erythroblast Quantification in Myelodysplastic Syndrome Patients Using Imaging Flow Cytometry Data. Sci. Rep. 2024, 14, 9349. [Google Scholar] [CrossRef] [PubMed]

	



Andersen, M.N.; Al-Karradi, S.N.H.; Kragstrup, T.W.; Hokland, M. Elimination of Erroneous Results in Flow Cytometry Caused by Antibody Binding to Fc Receptors on Human Monocytes and Macrophages. Cytom. Part A J. Int. Soc. Anal. Cytol. 2016, 89, 1001–1009. [Google Scholar] [CrossRef] [PubMed]

	



Probst, C.; Zayats, A.; Venkatachalam, V.; Davidson, B. Advanced Characterization of Silicone Oil Droplets in Protein Therapeutics Using Artificial Intelligence Analysis of Imaging Flow Cytometry Data. J. Pharm. Sci. 2020, 109, 2996–3005. [Google Scholar] [CrossRef] [PubMed]

	



Abadi, M.; Agarwal, A.; Barham, P.; Brevdo, E.; Chen, Z.; Citro, C.; Corrado, G.S.; Davis, A.; Dean, J.; Devin, M. Tensorflow: Large-Scale Machine Learning on Heterogeneous Distributed Systems. arXiv 2016, arXiv:1603.04467. [Google Scholar]

	



Simonyan, K.; Zisserman, A. Very Deep Convolutional Networks for Large-Scale Image Recognition. arXiv 2014, arXiv:1409.1556. [Google Scholar]








[image: Ijms 25 06465 g001] 





Figure 1. Immunophenotypically detected HSCs and LSCs. A seven-color IFC panel was designed to enable detection of HSCs and LSCs in BM samples. Five AML samples and ten NBM samples were stained with all pre-titrated antibodies, acquired on the ISX, and analyzed in IDEAS software (V6.3.41.0). A series of gating steps was performed, employing the immunophenotypic profiles of HSCs and LSCs. Stem cells were identified as CD34+CD38−CD45lowCD14− live, nucleated, single cells in focus. Within NBM samples, this population constituted HSCs, while LSCs in AML samples were further identified as CLEC12A+. Representative examples of images recorded in all utilized channels on the ISX are shown of (A) HSCs from NBM samples and (B) LSCs from AML samples. Every row represents one cell, while each column shows either BF, SSC, or fluorescence images of a specific marker. Abbreviations: AML; acute myeloid leukemia, BF; brightfield, BM; bone marrow, HSC; hematopoietic stem cell, IFC; imaging flow cytometry, ISX; ImageStream®X MKII, LSC; leukemic stem cell, NBM; normal bone marrow, SSC; side scatter. 
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Figure 2. Evaluation metrics for classification of test data. Seven image classifiers were trained to distinguish between healthy HSCs and aberrant LSCs from NBM and AML samples, respectively, based on various combinations of image data: BF, SSC, DNA, SSC + DNA, BF + SSC, BF + DNA, or BF + SSC + DNA. A CNN model architecture and the train-validation-test split technique were applied. The models were evaluated using results from classification of the test data that was not previously seen by the models during training (n = 1764). Presented are (A) F1 scores, a harmonic average of precision and recall (i.e., (2·precision·recall)/(precision + recall)), (B) accuracy, calculated for all models as the percentage of correct predictions (i.e., (TP + TN)/(TP + TN + FP + FN)), (C) precision, defined as the proportion of correctly classified events (i.e., TP/(TP + FP)), (D) recall, also known as the sensitivity/true positive rate (i.e., TP/(TP + FN)). All metrics are shown for HSCs and LSCs separately and as a weighted average. (E) Example images show true HSCs (top rows) and true LSCs (bottom rows). Each row corresponds to one cell and columns show BF (left), SSC (middle), and DNA images (right) captured using the ISX in Ch01, Ch06, and Ch07, respectively. Abbreviations: AML; acute myeloid leukemia, BF; brightfield, Ch; channel, CNN; convolutional neural network; FN; false negative, FP; false positive, HSC; hematopoietic stem cell, ISX; ImageStream®X MKII, LSC; leukemic stem cell, NBM; normal bone marrow, SSC; side scatter, TN; true negative, TP; true positive. 
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Figure 3. Confusion matrices. All stem cells in the test data (n = 1764) were classified as HSCs or LSCs by the BF model (top) and the BF + DNA model (bottom). The relationship between true and predicted labels are shown as class count numbers, specifying TP, TN, FP, and FN events (left). Row-wise normalization was conducted, delineating recall/sensitivity for each category (middle). Colum-wise normalization was applied, showing precision for each category (right). Corresponding confusion matrices can be found for all seven AI models in Figure S1. Abbreviations: BF; brightfield, FN; false negative, FP; false positive, HSC; hematopoietic stem cell, LSC; leukemic stem cell, SSC; side scatter, TN; true negative, TP; true positive. 
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Figure 4. Patient-specific classification of LSCs. All seven AI models developed for HSC-LSC differentiation were evaluated further by classification of 8487 immunophenotypically defined CLEC12A+ LSCs identified in BM samples from four AML patients (AML1 n = 2700, AML2 n = 2667, AML3 n = 420, AML4 n = 2700). These were not previously included in the data sets used for training, validation, or testing. All CLEC12A+ LSCs were classified based on appropriate combinations of BF, SSC, and DNA images. (A) Class predictions are shown as stacked bar graphs designating the percentages of stem cells classified as either LSCs or HSCs by each model. (B) The results were evaluated on a per-patient basis, and the percentage of cells classified as LSCs, corresponding to LSC recall, are indicated for each AML patient. (C) Examples are shown of stem cells classified as HSCs (top rows) or LSCs (bottom rows) by the BF + SSC + DNA model for each of the four AML patients. Each row corresponds to one cell and columns show BF (left), SSC (middle), and DNA images (right) captured using the ISX in Ch01, Ch06, and Ch07, respectively. Abbreviations: AI; artificial intelligence, AML; acute myeloid leukemia, BF; brightfield, BM; bone marrow, Ch; channel, HSC; hematopoietic stem cell, ISX; ImageStream®X MKII, LSC; leukemic stem cell, SSC; side scatter. 
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Figure 5. Gating strategy. The series of gating steps leading to identification of stem cells and CLEC12A+ LSCs is shown for a representative AML sample. (A) Using gradient RMS values of BF images along with visual inspection of images, cells in focus were selected. (B) Images without saturated pixels were gated as events having a raw max pixel feature below 4096 and/or a saturation count below one in each channel. Specifically shown in this example is Ch07. (C) Any events in unstable flow were excluded based on the distribution of cells in a plot showing the time parameter. (D) Singlets were gated based on the features area and aspect ratio, excluding aggregates and debris. (E) Live cells were identified as showing negative or low ZG signals. (F) We selected nucleated cells as VDCV+. (G) In a bivariate plot showing intensity SSC and intensity CD45 KrO, a population of CD45low cells including blasts, HSCs, and LSCs was selected by exclusion of CD45− events, CD45highSSClow lymphocytes, and any residual SSChigh granulocytes. (H) Exclusion of monocytes was conducted by gating CD14− cells. (I) The threshold specifying the distinction between CD38+ and CD38− events was set based on the FM2. (J) Finally, CD34+CD38− stem cells were selected. (K) For AML samples, a CLEC12A+ gate was created based on the FM2. (L) Subsequently, the CLEC12A boundary was applied to the stem cells, thereby identifying CLEC12A+ LSCs. The percentage gated of the input population is indicated in each plot. Abbreviations: AML; acute myeloid leukemia, BF; brightfield, FM2; fluorescence minus two, HSC; hematopoietic stem cell, IFC; imaging flow cytometry, LSC; leukemic stem cell, RMS; root mean square, SSC; side scatter, ZG; zombie green, VDCV; vybrant dyecycle violet. 
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Table 1. Accuracy statistics.
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Model Class

	
Training Data

	
Validation Data

	
Testing Data




	
Objects (n)

	
Precision (%)

	
Recall (%)

	
F1

(%)

	
Objects (n)

	
Precision (%)

	
Recall

(%)

	
F1

(%)

	
Objects (n)

	
Precision (%)

	
Recall

(%)

	
F1

(%)






	
BF

	

	

	

	

	

	

	

	

	

	

	

	




	
HSC

	
7054

	
80.84

	
97.33

	
88.33

	
882

	
81.11

	
97.85

	
88.69

	
882

	
80.99

	
96.60

	
88.11




	
LSC

	
7054

	
96.65

	
76.94

	
85.67

	
882

	
97.29

	
77.21

	
86.09

	
882

	
95.79

	
77.32

	
85.57




	
Weighted avg.

	
14,108

	
88.75

	
87.13

	
87.00

	
1764

	
89.20

	
87.53

	
87.39

	
1764

	
88.39

	
86.96

	
86.84




	
SSC

	

	

	

	

	

	

	

	

	

	

	

	




	
HSC

	
7054

	
61.58

	
64.66

	
63.08

	
882

	
61.42

	
65.87

	
63.57

	
882

	
61.36

	
64.63

	
62.95




	
LSC

	
7054

	
62.80

	
59.65

	
61.19

	
882

	
63.20

	
58.62

	
60.82

	
882

	
62.63

	
59.30

	
60.92




	
Weighted avg.

	
14,108

	
62.19

	
62.16

	
62.13

	
1764

	
62.31

	
62.24

	
62.20

	
1764

	
62.00

	
61.96

	
61.93




	
DNA

	

	

	

	

	

	

	

	

	

	

	

	




	
HSC

	
7054

	
78.77

	
75.28

	
76.98

	
882

	
76.04

	
74.83

	
75.43

	
882

	
76.11

	
71.88

	
73.94




	
LSC

	
7054

	
76.33

	
79.71

	
77.98

	
882

	
75.22

	
76.42

	
75.82

	
882

	
73.36

	
77.44

	
75.34




	
Weighted avg.

	
14,108

	
77.55

	
77.50

	
77.48

	
1764

	
75.63

	
75.62

	
75.62

	
1764

	
74.74

	
74.66

	
74.64




	
SSC + DNA

	

	

	

	

	

	

	

	

	

	

	

	




	
HSC

	
7054

	
80.84

	
82.04

	
81.43

	
882

	
78.42

	
81.97

	
80.16

	
882

	
79.17

	
79.71

	
79.44




	
LSC

	
7054

	
81.77

	
80.55

	
81.15

	
882

	
81.12

	
77.44

	
79.23

	
882

	
79.57

	
79.02

	
79.29




	
Weighted avg.

	
14,108

	
81.30

	
81.29

	
81.29

	
1764

	
79.77

	
79.71

	
79.69

	
1764

	
79.37

	
79.37

	
79.36




	
BF + SSC

	

	

	

	

	

	

	

	

	

	

	

	




	
HSC

	
7054

	
81.87

	
95.11

	
87.99

	
882

	
82.43

	
95.24

	
88.37

	
882

	
81.59

	
94.44

	
87.55




	
LSC

	
7054

	
94.17

	
78.93

	
85.88

	
882

	
94.36

	
79.71

	
86.42

	
882

	
93.41

	
78.68

	
85.42




	
Weighted avg.

	
14,108

	
88.02

	
87.02

	
86.94

	
1764

	
88.40

	
87.47

	
87.40

	
1764

	
87.50

	
86.56

	
86.48




	
BF + DNA

	

	

	

	

	

	

	

	

	

	

	

	




	
HSC

	
7054

	
93.41

	
96.31

	
94.84

	
882

	
94.14

	
96.49

	
95.30

	
882

	
91.72

	
95.46

	
93.56




	
LSC

	
7054

	
96.20

	
93.21

	
94.68

	
882

	
96.40

	
93.99

	
95.18

	
882

	
95.27

	
91.38

	
93.29




	
Weighted avg.

	
14,108

	
94.81

	
94.76

	
94.76

	
1764

	
95.27

	
95.24

	
95.24

	
1764

	
93.50

	
93.42

	
93.42




	
BF + SSC + DNA

	

	

	

	

	

	

	

	

	

	

	

	




	
HSC

	
7054

	
94.88

	
94.78

	
94.83

	
882

	
95.24

	
95.24

	
95.24

	
882

	
93.70

	
92.74

	
93.22




	
LSC

	
7054

	
94.79

	
94.88

	
94.84

	
882

	
95.24

	
95.24

	
95.24

	
882

	
92.82

	
93.76

	
93.29




	
Weighted avg.

	
14,108

	
94.83

	
94.83

	
94.83

	
1764

	
95.24

	
95.24

	
95.24

	
1764

	
93.26

	
93.25

	
93.25








Seven different CNN classifiers were developed to discriminate healthy HSCs and aberrant LSCs using different combinations of BF, SSC, and DNA images captured on the ISX in Ch01, Ch06, and Ch07, respectively. The train-validation-test split technique was applied using a preconfigured 80/10/10 ratio. Model performance was assessed by calculation of precision, recall, and F1 scores for both the training, validation, and testing data. All metrics are presented for both HSC and LSC classes separately and combined. Abbreviations: BF; brightfield, Ch; channel; CNN, convolutional neural network; HSC, hematopoietic stem cell, ISX; ImageStream®X Mark II, LSC; leukemic stem cell, SSC; side scatter.













 





Table 2. Patient characteristics.
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	Patient No.
	1
	2
	3
	4
	5





	Age at diagnosis
	67
	71
	69
	63
	56



	Gender
	M
	M
	M
	F
	F



	Blast

percentage *
	68%
	20%
	62%
	94%
	49%



	Percentage of CLEC12A+ LSCs †
	30.42%
	1.73%
	0.09%
	4.17%
	0.09%



	Karyotype ‡
	46,XY [25]
	Complex

karyotype
	46,XY,add(1)(q31)

[4]/46,XY [21]
	46,XX [25]
	46,XX,inv(16)(p13q22) [23]/46,XX [2]



	iFISH §
	No clonal

aberrations
	del(5q)(80%),

del(7q)(72%),

monosomi16 (78%)
	ND
	inv(16)(76%)
	inv(16)(68%)



	Immunophenotype
	CD45lowCD34+

CD117+CD13+

CD33−HLA-DR+ CD14−CD64−

CD38−/(+)CLEC12A+CD123+CD7−

CD19−CD10−
	CD45lowCD34+

CD117+CD38+/−CD13+HLA-DR+

CD33+CLEC12A+/−

CD123(+)CD38+/−
	CD45lowCD117+/−CD13+HLA-DR+

CD33(+)CD56+

CD38+CD7−CD19−CLEC12A+CD123+/−
	CD45lowCD34+

CD117+HLA-DR+

CD13+CD33+

CD123+CLEC12A+

CD64−CD38+/−
	CD34+CD117+

CD13+CD33+

HLA-DR+CD38+

CD64+CLEC12A+

CD123+CD14−CD4−CD56− CD2+/−



	FLT3-ITD
	No mutation
	No mutation
	Mutation
	No mutation
	No mutation



	Targeted panel

sequencing
	ASXL1, CEBPA(x3), NRAS(x2), SRSF2, TET2(x2)
	TP53
	ASXL1, EZH2(x2), FLT3(ITDx2,

TKDx1), RUNX1, SETBP1
	ASXL1,

FLT3 (TKDx2)
	No mutations







* The fraction of blasts was concluded from cytological examination. † Determined from investigating routine diagnostic flow cytometric data (Figure S2) ‡ Based on analysis of 25 metaphases. § iFISH was performed using probes targeting del(5q), del(7q), t(8;21), and inv(16). Abbreviations: F, female; iFISH, interphase fluorescence in situ hybridization; ITD, internal tandem duplication; M, male; ND, not done; TKD, tyrosine kinase domain.













 





Table 3. Number of HSCs and LSCs gated from each NBM and AML sample.
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NBM

	
No. HSCs

	
AML

	
No. LSCs






	
NBM1

	
1543

	
AML1

	
1840




	
NBM2

	
547




	
NBM3

	
299

	
AML2

	
1840




	
NBM4

	
1393




	
NBM5

	
522

	
AML3

	
1839




	
NBM6

	
1285




	
NBM7

	
96

	
AML4

	
1840




	
NBM8

	
584




	
NBM9

	
861

	
AML5

	
1459




	
NBM10

	
1688








All 8818 HSCs available from the NBM samples were included in the dataset. Class balancing was performed by reducing the number of LSCs gated from AML samples. Among the 44,277 available LSCs, a total of 8818 LSCs were utilized. These were divided equally among the AML samples—except AML5, which contained a total of 1459 LSCs—and randomly selected from each patient-specific LSC pool.
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