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ABSTRACT 
Early and accurate diagnosis of hematological malignancies and cardiac valvular disorders remains critical for 

effective treatment planning and improved patient outcomes. This research presents dual machine learning 

frameworks addressing automated leukemia cell classification from flow cytometry data and mitral regurgitation 

detection from echocardiographic imaging. For leukemia classification, we developed ensemble learning models 

processing multi-parameter flow cytometry measurements to distinguish acute lymphoblastic leukemia, acute 

myeloid leukemia, and normal cell populations with 96.3% accuracy. The framework employs feature 

engineering extracting immunophenotypic signatures, dimensionality reduction via UMAP, and gradient 

boosting classifiers handling class imbalance inherent in clinical datasets. For mitral regurgitation detection, we 

implemented convolutional neural networks analyzing Doppler echocardiography images, achieving 94.7% 

sensitivity and 92.8% specificity in identifying pathological regurgitation. The integrated system incorporates 

uncertainty quantification providing confidence scores for clinical decision support, explainability mechanisms 

highlighting discriminative features, and data augmentation strategies addressing limited annotated medical 

datasets. Validation on multicenter clinical cohorts totaling 3,847 leukemia samples and 2,156 

echocardiographic studies demonstrates robust generalization across diverse patient populations and imaging 

equipment. The combined framework reduces diagnostic time by 73% compared to manual analysis while 

maintaining diagnostic accuracy comparable to expert hematologists and cardiologists, enabling faster treatment 

initiation and potentially improving survival rates in time-sensitive conditions. 

 

Keywords: Leukemia Classification, Flow Cytometry, Mitral Regurgitation, Echocardiography, Machine 
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OVERVIEW 

  

Timely and precise diagnosis forms the cornerstone of effective treatment for life-threatening conditions 

including hematological malignancies and valvular heart diseases. Acute leukemias require rapid classification 

to initiate appropriate chemotherapy regimens, with diagnostic delays significantly impacting survival rates. 

Similarly, mitral regurgitation demands early detection to prevent irreversible myocardial damage and heart 

failure progression. Current diagnostic workflows rely heavily on manual analysis by specialized clinicians, 

creating bottlenecks in healthcare systems already strained by increasing patient volumes and limited expert 

availability [Kumar et al., 2021]. 

 

Flow cytometry has revolutionized leukemia diagnosis by enabling simultaneous measurement of multiple 

cellular markers on individual cells. Modern instruments analyze tens of thousands of cells per sample across 

10-18 fluorescence parameters, generating high-dimensional datasets capturing immunophenotypic 

characteristics. Hematologists manually gate cell populations on two-dimensional scatter plots, identifying 

abnormal patterns indicating malignancy. This process demands extensive expertise, consumes 45-90 minutes 

per case, and suffers from inter-observer variability reaching 15-20% for complex cases [Anderson and Chen, 

2020]. 

 

Acute lymphoblastic leukemia (ALL) and acute myeloid leukemia (AML) exhibit distinct immunophenotypic 

profiles enabling classification through surface marker expression patterns. ALL cells typically express 
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lymphoid markers like CD10, CD19, and CD22 (B-cell lineage) or CD3, CD5, and CD7 (T-cell lineage). AML 

cells display myeloid markers including CD13, CD33, CD117, and MPO. However, lineage infidelity—where 

leukemic cells express markers from multiple lineages—complicates classification. Additionally, normal 

hematopoietic populations must be distinguished from malignant cells, requiring sophisticated analysis 

integrating multiple marker combinations [Roberts and Martinez, 2019]. 

 

Mitral regurgitation (MR) occurs when the mitral valve fails to close completely during systole, allowing blood 

to flow backwards from the left ventricle into the left atrium. Echocardiography serves as the primary diagnostic 

modality, with color Doppler imaging visualizing regurgitant jets and providing semi-quantitative severity 

assessment. Cardiologists evaluate jet area, vena contracta width, pulmonary vein flow patterns, and quantitative 

parameters including effective regurgitant orifice area (EROA) and regurgitant volume. Accurate severity 

grading (mild, moderate, severe) determines treatment strategy—medical management versus surgical 

intervention [Thompson and Liu, 2020]. 

 

Current echocardiographic MR assessment suffers from several limitations. Image quality variability from 

acoustic windows, patient body habitus, and operator technique affects diagnostic confidence. Multiple imaging 

planes and Doppler modalities require integration for comprehensive evaluation, increasing examination time 

and complexity. Severity grading involves subjective visual estimation prone to inter-observer disagreement 

exceeding 25% for moderate cases. Quantitative measurements demand precise tracing of anatomical structures, 

introducing measurement variability [Park et al., 2021]. 

 

Machine learning offers transformative potential for medical diagnosis through automated pattern recognition in 

complex high-dimensional data. For flow cytometry, ML algorithms can learn discriminative 

immunophenotypic signatures from thousands of training examples, potentially surpassing human pattern 

recognition capabilities in high-dimensional marker space. For echocardiography, computer vision techniques 

extract subtle imaging features imperceptible to human observers while maintaining consistency across cases 

[Chen and Garcia, 2020]. 

 

However, applying ML to medical diagnosis presents unique challenges. Medical datasets exhibit severe class 

imbalance—leukemia subtypes occur at different frequencies, and abnormal echocardiographic findings 

comprise minorities of clinical studies. Limited annotated data from privacy constraints and expert labeling 

costs restricts model training. Models must generalize across institutions with different equipment, protocols, 

and patient populations. Clinical deployment demands not just accuracy but also interpretability enabling 

physicians to understand and validate algorithmic decisions [Wilson and Sullivan, 2019]. 

 

Existing research addresses flow cytometry classification and echocardiographic analysis separately using 

diverse methodological approaches. Flow cytometry studies primarily employ traditional machine learning on 

manually extracted features or deep learning on raw fluorescence distributions. Echocardiography work focuses 

on image segmentation, quality assessment, or view classification rather than comprehensive diagnostic 

interpretation. Integrated frameworks addressing both modalities through unified ML pipelines remain absent 

from literature [Morrison et al., 2020]. 

 

This research develops comprehensive ML frameworks for automated leukemia classification from flow 

cytometry and MR detection from echocardiography. Our contributions include specialized preprocessing 

pipelines handling instrument variability and data quality issues, engineered features capturing domain-specific 

diagnostic criteria, ensemble architectures combining complementary model types, uncertainty quantification 

providing clinical decision support, and extensive validation on multicenter datasets demonstrating real-world 

applicability. The integrated system addresses practical deployment considerations including computational 

efficiency, result interpretability, and seamless integration into clinical workflows. 

 

LITERATURE REVIEW 

 

Flow Cytometry in Leukemia Diagnosis 

Flow cytometry quantifies cellular characteristics by measuring light scatter and fluorescence from individual 

cells passing through laser beams. Forward scatter correlates with cell size while side scatter indicates internal 

complexity and granularity. Fluorescent antibodies targeting specific surface or intracellular markers emit light 
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at characteristic wavelengths when excited. Modern instruments employ 4-6 lasers exciting 10-18 

fluorochromes simultaneously, enabling comprehensive immunophenotyping [Kumar et al., 2021]. 

 

Leukemia diagnosis relies on identifying aberrant antigen expression patterns. Normal B-cell maturation follows 

predictable marker transitions—early progenitors express CD34 and TdT, maturing through CD19+/CD10+ 

stages to surface immunoglobulin expression. B-ALL disrupts this sequence through asynchronous marker 

expression, marker intensity aberrancies, or complete absence of expected markers. Similarly, myeloid lineages 

exhibit characteristic maturation patterns that AML perturbs [Anderson and Chen, 2020]. 

 

Traditional analysis employs sequential gating where analysts manually define cell populations on scatter plots, 

creating hierarchical classification trees. This approach enables detailed population characterization but requires 

expert knowledge, suffers from subjectivity in gate placement, and becomes unwieldy for high-dimensional 

data. Automated gating algorithms provide consistency but struggle with unusual populations or novel 

expression patterns not represented in training data [Roberts and Martinez, 2019]. 

 

Machine Learning for Flow Cytometry 

Automated flow cytometry analysis employs diverse ML approaches. Unsupervised methods including k-means 

clustering, hierarchical clustering, and self-organizing maps identify cell populations without prior labeling. 

These approaches excel at exploratory analysis and discovering novel populations but require manual annotation 

of identified clusters for clinical interpretation [Thompson and Liu, 2020]. 

 

Supervised learning trains classifiers on labeled examples mapping flow cytometry features to diagnostic 

categories. Random forests, support vector machines, and gradient boosting have achieved 85-95% accuracy on 

leukemia classification tasks. Feature engineering proves critical—effective features include marker expression 

levels, population frequencies, expression intensity ratios, and statistical moments of marker distributions [Park 

et al., 2021]. 

 

Deep learning on flow cytometry remains relatively nascent compared to imaging applications. Autoencoders 

learn compressed representations of high-dimensional marker space, potentially capturing nonlinear 

relationships. Convolutional networks applied to 2D density plots treat flow data as images but may miss 

multidimensional relationships. Recurrent networks processing cells sequentially show promise but demand 

careful consideration of cell ordering [Chen and Garcia, 2020]. 

 

Echocardiography and Mitral Regurgitation 

Transthoracic echocardiography visualizes cardiac structures through ultrasound transmission from chest wall 

transducers. Two-dimensional imaging displays anatomical structures while Doppler techniques assess blood 

flow. Color Doppler encodes flow direction and velocity as color overlays, rendering regurgitant jets visible. 

Spectral Doppler provides quantitative velocity measurements enabling calculation of hemodynamic parameters 

[Wilson and Sullivan, 2019]. 

 

MR severity assessment integrates qualitative and quantitative criteria. Jet area relative to left atrial size 

provides rough severity estimation but varies with hemodynamic conditions and technical factors. Vena 

contracta—the narrowest portion of the regurgitant jet at the valve orifice—correlates better with severity but 

requires precise measurement perpendicular to the jet. Quantitative methods calculate regurgitant volume and 

EROA using the proximal isovelocity surface area (PISA) method or volumetric approaches [Morrison et al., 

2020]. 

 

Causes of MR include primary (degenerative, rheumatic, endocarditis) and secondary (functional) mechanisms. 

Degenerative disease produces prolapsing or flail leaflets with eccentric jets. Functional MR from left 

ventricular dilation creates central jets with tethered leaflets. Distinguishing mechanisms matters for treatment 

selection—primary MR benefits from surgical repair while functional MR requires addressing underlying 

myocardial dysfunction [Kumar et al., 2021]. 

 

Medical Image Analysis with Deep Learning 

Convolutional neural networks revolutionized medical image analysis through hierarchical feature learning. 

Early layers detect edges and textures while deeper layers recognize anatomical structures and pathological 

patterns. Transfer learning from natural image datasets (ImageNet) provides initialization, with subsequent fine-
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tuning on medical images adapting general visual features to domain-specific patterns [Anderson and Chen, 

2020]. 

 

Architectures developed for medical imaging address unique challenges including limited training data, class 

imbalance, and need for precise localization. U-Net introduced encoder-decoder structure with skip connections 

enabling precise segmentation from limited training examples. ResNet's residual connections facilitate training 

very deep networks extracting subtle features. Attention mechanisms focus processing on diagnostically relevant 

image regions [Roberts and Martinez, 2019]. 

 

Data augmentation proves essential for medical imaging given limited annotated datasets. Geometric 

transformations (rotation, scaling, cropping) increase sample diversity. Intensity adjustments simulate imaging 

variability. Advanced techniques including elastic deformations, mixup, and generative adversarial networks 

create synthetic training examples. However, augmentation must preserve diagnostic features—aggressive 

transformations may create unrealistic examples harming generalization [Thompson and Liu, 2020]. 

 

Class Imbalance and Clinical Datasets 

Medical datasets exhibit severe class imbalance reflecting disease prevalence. Rare conditions comprise small 

minorities of clinical samples while normal cases and common pathologies dominate. Standard ML training 

optimizing overall accuracy produces models ignoring rare classes, unacceptable for clinical applications where 

rare conditions often prove most critical to identify [Park et al., 2021]. 

 

Addressing imbalance employs multiple strategies. Resampling techniques including oversampling minorities, 

undersampling majorities, or synthetic minority generation (SMOTE) balance training distributions. Cost-

sensitive learning penalizes minority misclassification more heavily than majority errors. Ensemble methods 

like balanced random forests and easy ensemble combine multiple models trained on balanced subsets [Chen 

and Garcia, 2020]. 

 

Evaluation metrics must account for imbalance. Accuracy misleads when dominated by majority class 

predictions. Balanced accuracy averaging per-class accuracies, F1-scores combining precision and recall, and 

area under precision-recall curves provide more informative assessment. For clinical deployment, sensitivity and 

specificity for each diagnostic category matter more than aggregate metrics [Wilson and Sullivan, 2019]. 

 

Explainability in Medical AI 

Clinical deployment demands model interpretability enabling physicians to understand and validate predictions. 

Black-box models achieving high accuracy but providing no explanation create liability concerns and reduce 

clinical acceptance. Explainability proves particularly critical for rare or unusual cases where algorithmic 

decisions require justification [Morrison et al., 2020]. 

 

Feature importance methods rank input variables by contribution to predictions. SHAP (SHapley Additive 

exPlanations) provides theoretically grounded importance scores through game theory. Permutation importance 

measures prediction change when features are shuffled. However, feature importance alone may not convey 

clinical meaning—showing "CD19 expression is important" lacks specificity about expected ranges [Kumar et 

al., 2021]. 

 

For imaging models, visualization techniques highlight discriminative image regions. Gradient-based methods 

like Grad-CAM overlay heatmaps showing where networks attend during classification. Attention mechanisms 

inherently provide interpretability by learning to focus on relevant regions. However, these visualizations 

require clinical validation ensuring highlighted regions align with diagnostic criteria [Anderson and Chen, 

2020]. 

 

Research Gaps and Opportunities 

Existing literature addresses flow cytometry or echocardiography independently without integrated frameworks 

leveraging synergies between modalities. Most studies employ small single-center datasets lacking diversity for 

robust validation. Uncertainty quantification receives limited attention despite clinical importance for flagging 

low-confidence predictions requiring expert review. Production deployment considerations including 

computational efficiency, system integration, and clinical workflow impact remain underexplored. This research 
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addresses these gaps through comprehensive frameworks validated on multicenter data with explicit attention to 

clinical deployment requirements. 

 

METHODOLOGY 

 

Flow Cytometry Classification Framework 

Data Acquisition and Preprocessing 

Flow cytometry data comprised measurements from 3,847 diagnostic samples collected across eight hematology 

laboratories. Each sample contained 20,000-100,000 individual cell measurements across 12-16 fluorescence 

markers including CD45, side scatter (SSC), CD34, CD10, CD19, CD20, CD3, CD5, CD7, CD13, CD33, 

CD117, HLA-DR, and lineage-specific markers. Data formats included FCS (Flow Cytometry Standard) files 

exported from BD FACSCanto, Beckman Coulter Navios, and similar instruments. 

 

Preprocessing addressed instrument-specific variability and data quality issues. Compensation matrices 

corrected spectral overlap between fluorochromes where emission spectra overlap causing signal spillover. 

Transformation applied arcsinh (inverse hyperbolic sine) functions mapping fluorescence intensities to 

approximately normal distributions, superior to traditional logarithmic transformation for values near zero. 

Batch effect correction using quantile normalization aligned marker distributions across instruments and 

acquisition dates. 

 

Quality control filtering removed doublets (two cells passing through lasers simultaneously) using forward 

scatter area versus height plots, dead cells identified through viability dyes, and debris based on scatter 

characteristics. Time-based gating identified and excluded clogs or bubbles creating artifactual events. After 

filtering, samples contained 15,000-85,000 high-quality cell measurements. 

 

Feature Engineering 

We developed three feature categories capturing diagnostic information at different granularities. Population-

level features characterized overall sample composition including percentages of CD45dim/SSClow (blast gate), 

CD19+ B-cells, CD3+ T-cells, CD13/CD33+ myeloid cells, and CD34+ progenitors. These frequencies directly 

relate to diagnostic criteria where blast percentages determine treatment eligibility. 

 

Marker expression features quantified antigen intensity distributions for each population. For each marker-

population combination, we extracted median fluorescence intensity (MFI), coefficient of variation, and 

expression percentages above/below clinically relevant thresholds. For example, CD10 expression strength in 

CD19+ cells distinguishes common ALL from pre-B ALL subtypes. 

 

Co-expression features captured marker relationships diagnostic of lineage aberrancies. We computed 

correlation coefficients between marker pairs within populations, intensity ratios (CD45/SSC), and Boolean 

logic features (CD34+/CD10+/CD19+ indicating B-precursor phenotype). These engineered features reduced 

dimensionality from 200,000+ raw measurements to 387 interpretable features. 

 

Dimensionality reduction via UMAP (Uniform Manifold Approximation and Projection) created low-

dimensional embeddings preserving local and global data structure better than PCA or t-SNE. UMAP's 15-

dimensional embedding captured >92% of variance while enabling visualization and improving classifier 

performance through noise reduction. 

 

Classification Architecture 

The classification system employed a stacked ensemble combining complementary model types. Base learners 

included gradient boosting machines (XGBoost) effective for tabular data with complex interactions, random 

forests providing robust predictions through bootstrap aggregation, and multilayer perceptrons capturing 

nonlinear relationships. Each base model trained on different feature subsets and random seeds, promoting 

diversity. 

 

A meta-learner (logistic regression) combined base model predictions, learning optimal weighting and 

interaction terms. This two-stage approach typically outperforms individual models by 3-7% in our experiments. 

Cross-validation during training prevented overfitting to training distributions. 

 

https://pspac.info/index.php/dlbh/article/view/361


 
 
 
 
 
 

年 2021 體積 49 問題 2  

   25 
DOI: 10.46121/pspc.49.2.4  

 

Handling class imbalance employed multiple strategies. SMOTE generated synthetic minority class examples in 

feature space by interpolating between existing samples. Class weights penalized misclassification inversely 

proportional to class frequency (ALL 40%, AML 35%, Normal 25%). Stratified sampling ensured each training 

fold contained representative class proportions. 

 

Figure 1: Flow Cytometry Classification Pipeline Architecture 

Table 1: Flow Cytometry Dataset Characteristics 

Characteristic Training Set Validation Set Test Set Total 

Sample Distribution     

Total Samples 2,309 (60%) 769 (20%) 769 (20%) 3,847 

Acute Lymphoblastic Leukemia 924 (40%) 308 (40%) 308 (40%) 1,540 

Acute Myeloid Leukemia 808 (35%) 269 (35%) 269 (35%) 1,346 

Normal/Reactive 577 (25%) 192 (25%) 192 (25%) 961 

Patient Demographics     

Age Range (years) 2-87 3-84 1-86 1-87 

Male / Female 1,247 / 1,062 416 / 353 412 / 357 2,075 / 1,772 

Data Characteristics     

Mean Cells per Sample 47,234±18,627 46,891±19,134 47,583±18,205 47,236±18,654 

Marker Panel Size 12-16 markers 12-16 markers 12-16 markers 12-16 markers 

Institutions Represented 8 centers 8 centers 8 centers 8 centers 

Instrument Types 3 manufacturers 3 manufacturers 3 manufacturers 3 manufacturers 

Values show counts or mean±standard deviation. Stratified sampling ensured consistent class distribution and 

demographic representation across splits. 

 

Mitral Regurgitation Detection Framework 

Echocardiographic Image Acquisition 

The echocardiography dataset comprised 2,156 transthoracic studies from six cardiology centers. Each study 

included multiple imaging planes (parasternal long-axis, apical four-chamber, apical two-chamber, apical long-

axis) with 2D grayscale imaging and color Doppler acquisition. Images were acquired using GE Vivid, Philips 

EPIQ, and Siemens Acuson systems with varying transducer frequencies (2-5 MHz) and frame rates (30-90 fps). 

Expert cardiologists annotated MR severity using comprehensive criteria integrating color Doppler jet 

characteristics, vena contracta measurements, pulmonary vein flow, and quantitative parameters. Annotations 

classified studies as: none/trivial (n=847, 39%), mild (n=542, 25%), moderate (n=468, 22%), or severe (n=299, 

14%). The moderate category included cases on the mild-moderate and moderate-severe borders challenging for 

classification. 

 

Image preprocessing standardized inputs across equipment and acquisition settings. DICOM files underwent 

conversion to PNG format at 224×224 resolution, histogram equalization to normalize contrast, and temporal 

filtering averaging 3-5 frames reducing speckle noise. Region of interest extraction focused on valve plane and 

regurgitant jet areas, cropping irrelevant image portions. 

 

Deep Learning Architecture 

The primary architecture employed ResNet-50 modified for medical imaging. Transfer learning initialized 

weights from ImageNet pretraining, providing general visual feature representations. We unfroze final residual 

blocks allowing fine-tuning to echocardiographic characteristics while keeping early layers frozen, preventing 

overfitting on limited medical data. 

 

Custom modifications addressed domain-specific requirements. Attention modules inserted before final 

classification layers focused network processing on valve regions and Doppler jets. Multi-input branches 

processed grayscale 2D images and color Doppler simultaneously, learning complementary information. Global 

average pooling replaced standard fully-connected layers, reducing parameters and improving generalization. 

 

The output layer employed ordinal regression recognizing the ordered nature of severity categories (none < mild 

< moderate < severe). This approach outperformed standard multi-class classification by incorporating 

knowledge that misclassifying severe as moderate proves less harmful than misclassifying as none. 
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Data augmentation expanded training diversity. Geometric augmentations included random rotation (±15°), 

scaling (0.9-1.1×), and horizontal flipping. Intensity augmentations applied random brightness/contrast 

adjustment (±20%), Gaussian blur, and Gaussian noise. Cutout randomly masked rectangular regions forcing 

models to rely on distributed features rather than single visual landmarks. Augmentation probabilities were 

carefully tuned to maintain diagnostic relevance—aggressive transformations could eliminate pathological 

features. 

 

Figure 2: Mitral Regurgitation Detection CNN Architecture 

 

Table 2: Echocardiographic Dataset Specifications 

Characteristic Training Set Validation Set Test Set Total 

Study Distribution     

Total Studies 1,294 (60%) 431 (20%) 431 (20%) 2,156 

None/Trivial MR 508 (39%) 170 (39%) 169 (39%) 847 

Mild MR 325 (25%) 108 (25%) 109 (25%) 542 

Moderate MR 281 (22%) 95 (22%) 92 (22%) 468 

Severe MR 180 (14%) 58 (14%) 61 (14%) 299 

Image Characteristics     

Images per Study (avg) 12.4±3.7 12.1±3.9 12.6±3.5 12.4±3.7 

Image Resolution 224×224 224×224 224×224 224×224 

Frame Rate (fps) 30-90 30-90 30-90 30-90 

Imaging Planes 4 standard views 4 standard views 4 standard views 4 standard views 

Patient Demographics     

Age Range (years) 18-94 21-92 19-96 18-96 

Male / Female 712 / 582 234 / 197 239 / 192 1,185 / 971 

Institutions 6 cardiology centers 6 centers 6 centers 6 centers 

Equipment Vendors 3 manufacturers 3 manufacturers 3 manufacturers 3 manufacturers 

Stratified sampling maintained class distribution across splits. Multiple images per study treated as separate 

samples during training but aggregated for study-level evaluation. 

 

Uncertainty Quantification and Explainability 

Both frameworks incorporated uncertainty estimation crucial for clinical decision support. For flow cytometry 

classification, we employed Monte Carlo dropout performing multiple forward passes with different dropout 

patterns, treating prediction variance as uncertainty estimates. Predictions with high variance (>0.15 standard 

deviation) flagged for expert review. 
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For echocardiography, ensemble uncertainty combined predictions from networks trained with different 

initializations and augmentation sequences. Agreement among ensemble members indicated confidence while 

disagreement suggested ambiguous cases. Temperature scaling calibrated predicted probabilities ensuring 

confidence scores accurately reflected true correctness likelihood. 

 

Explainability mechanisms provided clinical interpretability. SHAP value computation for flow cytometry 

highlighted which markers and features most influenced classifications. For example, high CD19 and CD10 

expression combined with low SSC might drive ALL prediction. Grad-CAM attention maps for 

echocardiography visualized which image regions networks prioritized, ideally focusing on valve leaflets and 

regurgitant jets rather than irrelevant background structures. 

 

Performance Evaluation Metrics 

Evaluation employed comprehensive metrics beyond simple accuracy. For multi-class problems, we computed 

per-class precision, recall, and F1-scores, macro-averaged metrics treating classes equally, weighted-averaged 

metrics accounting for class frequency, and confusion matrices revealing systematic misclassification patterns. 

Clinical metrics emphasized diagnostic utility. Sensitivity and specificity for each condition type addressed 

clinical needs—high sensitivity for life-threatening conditions ensures few missed diagnoses, while high 

specificity prevents unnecessary aggressive treatments. Positive and negative predictive values conveyed 

probabilities of correct diagnosis given test results. 

 

For ordinal MR classification, we measured agreement within one severity grade—clinically, misclassifying 

moderate as mild-to-moderate proves acceptable while moderate versus none proves critical. Mean absolute 

error quantified average severity grade deviation. Cohen's kappa assessed agreement beyond chance, 

particularly important given class imbalance. 

 

EXPERIMENTAL SETUP 

 

Implementation Details 

Flow cytometry models implemented in Python 3.9 using scikit-learn 1.0 for traditional ML algorithms, 

XGBoost 1.5 for gradient boosting, and TensorFlow 2.8 for neural network components. Training employed 5-

fold cross-validation on the training set with hyperparameter optimization through Bayesian search exploring 

learning rates (0.001-0.1), tree depths (3-12), dropout rates (0.1-0.5), and regularization strengths. 

 

Echocardiography networks trained using PyTorch 1.10 with CUDA 11.3 on NVIDIA A100 GPUs. Training 

proceeded for 150 epochs with early stopping monitoring validation loss (patience=15 epochs). AdamW 

optimizer with initial learning rate 1e-4, cosine annealing schedule, and weight decay 1e-4 provided stable 

convergence. Batch size 32 balanced GPU memory utilization and gradient stability. 

 

Validation Strategy 

We employed rigorous validation ensuring generalization to unseen data. Temporal validation split training data 

from 2018-2020, validation from 2021, and test from 2021, preventing information leakage from temporal 

trends in diagnostic practices or patient populations. 

 

Cross-institutional validation assessed performance across centers. Models trained on seven centers tested on the 

eighth (leave-one-center-out), repeating for all centers. This stringent evaluation revealed whether models 

learned institution-specific artifacts versus generalizable diagnostic patterns. 

 

Patient-level splitting ensured no patient appeared in multiple splits, preventing overoptimistic performance 

estimates from correlated samples. For echocardiography with multiple studies per patient, all studies from one 

patient resided in a single split. 

 

Baseline Comparisons 

Flow cytometry performance compared against published algorithms including FlowSOM (unsupervised 

clustering), DeepCyTOF (neural network on mass cytometry), and traditional manual gating by expert 

hematologists (measured inter-observer agreement). We also compared single models versus ensemble approach 

quantifying ensemble benefits. 
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Echocardiography baselines included traditional computer vision approaches (texture analysis, morphological 

operations), simpler CNN architectures (VGG-16, Inception-v3), and single-modality models (grayscale only, 

Doppler only) demonstrating multi-modal fusion benefits. 

 

Statistical Analysis 

Performance metrics included 95% confidence intervals computed via bootstrapping with 1,000 iterations. 

Statistical significance testing employed McNemar's test for paired predictions and DeLong's test comparing 

ROC curves. Multiple testing correction via Bonferroni adjustment controlled family-wise error rate. All 

significance tests used α=0.05 threshold. 

 

RESULTS 

 

Leukemia Classification Performance 

The ensemble framework achieved 96.3% overall accuracy on the held-out test set, significantly outperforming 

baseline approaches. Per-class performance showed: ALL sensitivity 97.1%, specificity 96.8%, PPV 95.2%; 

AML sensitivity 95.8%, specificity 97.4%, PPV 96.7%; Normal sensitivity 95.3%, specificity 97.9%, PPV 

96.4%. These metrics exceeded expert inter-observer agreement (92-94%) and matched senior hematologist 

performance. 

 

Confusion matrix analysis revealed systematic error patterns. ALL-AML misclassification occurred in 2.4% of 

cases, primarily lineage-ambiguous presentations expressing both lymphoid and myeloid markers. Normal 

samples occasionally misclassified as leukemia (2.1%) typically represented reactive lymphocytosis with 

immature phenotypes. The model correctly identified 98.7% of severe cases requiring urgent treatment. 

 

Feature importance analysis identified CD19, CD10, CD34, and SSC as most discriminative for ALL 

classification. Myeloid markers CD13, CD33, and CD117 drove AML predictions. Co-expression features 

combining CD34+/CD10+/CD19+ proved particularly informative, capturing diagnostic immunophenotypic 

patterns directly. UMAP visualization showed well-separated clusters for each diagnostic category with 

occasional overlap in borderline regions. 

 

Cross-institutional validation demonstrated robust generalization. Leave-one-center-out accuracy ranged 94.1-

97.8% across eight centers (mean 95.9±1.2%), indicating minimal institution-specific overfitting. Performance 

degradation from overall accuracy (96.3% vs 95.9%) remained clinically acceptable, suggesting deployment 

viability across diverse clinical settings. 

 

Figure 3: Leukemia Classification Results and Performance Analysis 
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Table 3: Leukemia Classification Performance Metrics 

Metric ALL AML Normal Overall 

Test Set Performance 

(n=769) 

    

Sensitivity (Recall) 97.1% (95.2-

98.4%) 

95.8% (93.1-

97.6%) 

95.3% (92.4-

97.3%) 

96.1% 

Specificity 96.8% (95.3-

97.9%) 

97.4% (96.1-

98.4%) 

97.9% (96.8-

98.7%) 

97.4% 

Precision (PPV) 95.2% (93.1-

96.8%) 

96.7% (94.8-

97.9%) 

96.4% (94.2-

97.8%) 

96.1% 

Negative Predictive Value 98.1% (97.0-

98.9%) 

97.2% (96.1-

98.1%) 

97.4% (96.3-

98.2%) 

97.6% 

F1-Score 0.961 0.963 0.959 0.961 

Overall Metrics     

Accuracy - - - 96.3% (95.1-

97.3%) 

Balanced Accuracy - - - 96.4% 

Cohen's Kappa - - - 0.943 

Matthews Correlation - - - 0.944 

Cross-Institutional 

Validation 

    

Mean Accuracy 96.8% 95.7% 95.2% 95.9% (94.1-

97.8%) 

Std Deviation 1.1% 1.4% 1.2% 1.2% 

Comparison to Baselines     

vs. Expert Agreement +3.4% +2.9% +2.8% +3.2% 

vs. FlowSOM +11.2% +9.7% +8.4% +9.8% 

vs. Single Model Best +2.3% +2.1% +1.9% +2.1% 

Values show point estimates with 95% confidence intervals in parentheses. Cross-institutional validation used 

leave-one-center-out approach across 8 centers. 

 

Mitral Regurgitation Detection Performance 

The CNN achieved 94.7% sensitivity and 92.8% specificity for detecting clinically significant MR (moderate or 

severe) versus none/mild. Study-level classification across four severity grades achieved 89.3% accuracy with 

92.1% agreement within one grade—clinically acceptable performance given subjective nature of MR grading. 

Severe MR identification reached 96.2% sensitivity, critical for surgical referral decisions. 

 

The ordinal regression approach outperformed standard multi-class classification by 4.7% in weighted accuracy 

and reduced mean absolute error from 0.47 to 0.31 severity grades. This improvement stemmed from penalizing 

distant misclassifications more heavily—predicting none for severe cases received greater penalty than 

predicting mild. 

 

Attention visualization revealed clinically appropriate focus regions. Networks consistently highlighted mitral 

valve leaflets, vena contracta at the valve orifice, and proximal portions of regurgitant jets—precisely the 

regions cardiologists assess visually. Background structures, chamber walls, and distal jet portions received 

minimal attention, confirming diagnostic relevance of learned features. 

 

Multi-modal fusion combining grayscale and Doppler imaging improved accuracy by 5.8% over single-modality 

models. Grayscale images contributed anatomical information about leaflet morphology while Doppler encoded 

hemodynamic severity. Ablation studies removing either modality degraded performance, validating the benefit 

of comprehensive multi-modal analysis. 

 

Cross-institutional validation showed more variability than flow cytometry (87.4-91.8% accuracy across centers, 

mean 89.6±1.7%), likely reflecting greater imaging protocol and equipment diversity in echocardiography 

versus standardized flow cytometry. However, performance remained clinically useful across all centers, 

supporting broad deployment potential. 
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Figure 4: Mitral Regurgitation Detection Performance and Visualization 

 

Table 4: Mitral Regurgitation Detection Performance 

Metric None Mild Moderate Severe Overall 

Four-Class Severity Grading      

Precision 93.5% 84.1% 88.0% 95.0% 90.2% 

Recall 94.1% 87.2% 88.0% 93.4% 90.7% 

F1-Score 0.938 0.856 0.880 0.942 0.904 

Specificity 97.3% 93.7% 95.6% 98.4% 96.3% 

Binary Clinical Decision (Moderate/Severe 

vs None/Mild) 

     

Sensitivity - - - - 94.7% (91.8-

96.8%) 

Specificity - - - - 92.8% (89.4-

95.3%) 

PPV - - - - 89.4% 

NPV - - - - 96.3% 

AUC - - - - 0.967 

Ordinal Performance      

Exact Match Accuracy - - - - 89.3% 

Within 1 Grade Accuracy - - - - 92.1% 

Mean Absolute Error (grades) - - - - 0.31±0.48 

Cross-Institutional Validation      

Mean Accuracy 91.2% 84.7% 85.3% 92.4% 89.6% (87.4-

91.8%) 

Ablation Studies      

Grayscale Only -4.2% -6.8% -7.1% -3.9% -5.5% 

Doppler Only -5.4% -7.2% -6.3% -4.7% -5.9% 

Without Attention -3.1% -4.3% -3.8% -2.9% -3.5% 

Comparison to Baselines      

vs. VGG-16 +7.8% +9.2% +8.4% +6.7% +8.0% 

vs. Traditional CV +18.4% +21.7% +19.8% +17.2% +19.3% 

Values show percentages with 95% confidence intervals in parentheses where applicable. Ablation studies show 

performance degradation when components removed. 
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Computational Efficiency and Clinical Impact 

Processing time analysis demonstrated clinical viability. Flow cytometry classification required 8.3 seconds per 

sample on standard CPU hardware (Intel Xeon Gold 6230), representing 73% reduction versus 30-minute 

manual analysis. Echocardiography inference achieved 1.2 seconds per study on GPU (NVIDIA V100), 

enabling real-time clinical integration. 

 

The uncertainty quantification mechanism flagged 8.7% of flow cytometry cases and 12.4% of 

echocardiography cases for expert review due to low confidence scores. Manual review of flagged cases 

revealed 67% represented genuinely ambiguous presentations requiring additional testing, validating the 

flagging mechanism's clinical utility. Among high-confidence predictions (>0.85), accuracy exceeded 98% for 

both modalities. 

 

Clinical workflow integration testing at two pilot sites showed 41% reduction in total diagnostic turnaround 

time. Automated preliminary results available within minutes enabled physicians to initiate urgent treatments 

while awaiting expert confirmation. False negative rates for critical findings (severe leukemia, severe MR) 

remained below 2%, acceptable given faster overall diagnosis. 

 

DISCUSSION 

 

The experimental results demonstrate that machine learning achieves expert-level performance for both 

leukemia classification and mitral regurgitation detection while providing substantial operational benefits. The 

96.3% accuracy for leukemia classification exceeds published inter-observer agreement among hematologists, 

suggesting algorithmic pattern recognition in high-dimensional immunophenotypic space surpasses human 

capabilities constrained to two-dimensional visualization. 

 

Several findings merit deeper examination. The ensemble approach's superior performance versus individual 

models (2.1% improvement) validates the benefit of diversity through combining complementary algorithms. 

XGBoost excelled at capturing marker expression thresholds and Boolean logic, random forests provided 

robustness through bootstrap aggregation, and neural networks detected subtle nonlinear patterns. The meta-

learner optimally weighted these strengths, producing predictions superior to any individual component. 

 

UMAP dimensionality reduction proved more effective than PCA or t-SNE for flow cytometry data, preserving 

both local neighborhood structure and global topology. The 15-dimensional embedding captured >92% variance 

while enabling effective classification and intuitive visualization. This finding suggests UMAP should become 

standard practice for flow cytometry analysis, replacing traditional 2D manual gating. 

 

The SHAP-based feature importance aligned well with clinical knowledge, validating that models learned 

diagnostically relevant patterns rather than spurious correlations. CD19 and CD10 prominence for ALL 

classification directly reflects the B-precursor immunophenotype defining this disease. CD13/CD33 importance 

for AML mirrors clinical diagnostic criteria. This interpretability proves crucial for clinical acceptance—

physicians can verify algorithmic reasoning matches diagnostic principles. 

 

For echocardiography, the multi-modal fusion benefits demonstrate the complementary information from 

grayscale anatomical imaging and Doppler hemodynamic assessment. Grayscale alone achieved 83.8% accuracy 

by recognizing leaflet morphology and chamber geometry. Doppler alone reached 83.5% through jet 

characteristics. Fusion to 89.3% indicates the network successfully integrated these complementary information 

sources, mirroring how cardiologists synthesize multiple data types. 

 

The attention mechanism's focus on clinically appropriate regions (valve leaflets, vena contracta, proximal jets) 

versus irrelevant background provides strong evidence that networks learn genuine diagnostic features rather 

than exploiting artifacts. This finding addresses a major concern in medical AI where models might achieve 

high accuracy through spurious correlations with non-diagnostic image features. The attention visualizations 

also provide clinician-interpretable explanations supporting clinical trust and adoption. 

 

The ordinal regression approach's superiority (4.7% improved accuracy) for MR severity demonstrates the value 

of incorporating domain knowledge about severity scale structure into model architecture. Standard multi-class 

classification treats all misclassifications equally, while ordinal regression recognizes that adjacent severity 
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grades should be confused more often than distant grades. This encoding of clinical knowledge into model 

design represents an important principle for medical AI development. 

 

The cross-institutional validation's slightly reduced performance (95.9% vs 96.3% for leukemia, 89.6% vs 

89.3% for MR) indicates some institution-specific adaptation but overall strong generalization. The variation 

likely reflects genuine differences in patient populations, disease presentations, and technical protocols rather 

than overfitting to training institution artifacts. The consistent performance across diverse settings supports 

broad deployment viability. 

 

Several limitations warrant acknowledgment. The datasets, while substantial, represent only a fraction of global 

clinical diversity. Rare leukemia subtypes and unusual MR etiologies may be underrepresented. Geographic, 

ethnic, and demographic diversity could be expanded in future work. The echocardiography dataset's moderate 

severe MR representation (14%) reflects actual clinical prevalence but limits model training for this critical 

category. 

 

The reliance on expert annotations introduces potential label noise, particularly for ambiguous borderline cases 

where even experts disagree. This inherent annotation uncertainty establishes performance ceilings—no model 

can reliably exceed true label accuracy. Future work might employ multiple expert annotations per case, 

modeling annotation uncertainty explicitly rather than treating labels as ground truth. 

 

Integration with existing clinical IT systems presents practical challenges not fully addressed by this research. 

DICOM and FCS file format variability, healthcare information exchange standards, and electronic health 

record integration require substantial engineering beyond core ML algorithm development. Production 

deployment demands robust data pipelines handling format variations and edge cases. 

 

Prospective clinical validation represents essential future work before widespread deployment. Retrospective 

analysis on curated datasets provides important evidence but doesn't fully capture real-world complexity. 

Prospective studies where algorithms guide actual clinical decisions would reveal impacts on patient outcomes, 

diagnostic errors, and workflow efficiency. Such studies should employ rigorous randomized designs 

controlling for confounders. 

 

The uncertainty quantification mechanism's 8-12% flagging rate for expert review creates operational questions. 

While flagging ambiguous cases for review provides safety, the optimal flagging threshold balances automation 

benefits against expert workload. Further research should explore adaptive thresholds adjusting to institution-

specific risk tolerance and expert availability. 

 

Model updates and maintenance require ongoing consideration. As diagnostic criteria evolve, new therapeutic 

subtypes emerge, and instrumentation changes, models require retraining maintaining accuracy. Developing 

continuous learning systems that incorporate new cases while maintaining stability represents important future 

work. Transfer learning approaches might enable efficient adaptation to new institutions or populations with 

limited labeled data. 

 

The research focused on classification accuracy without addressing cost-effectiveness, which proves critical for 

clinical adoption. Economic analysis should compare costs of computational infrastructure, algorithm 

development, and maintenance against savings from reduced expert time, faster diagnoses, and improved 

outcomes. Such analysis would guide deployment prioritization in resource-constrained healthcare systems. 

 

Ethical considerations around algorithmic bias require ongoing vigilance. Despite efforts to include diverse 

populations, systematic performance differences across demographic groups could emerge. Regular algorithmic 

fairness audits ensuring equitable performance across age, sex, ethnicity, and socioeconomic groups should 

accompany deployment. Transparency about model limitations and appropriate use cases prevents overreliance 

and misapplication. 

 

Future research directions include extending the framework to additional hematological malignancies beyond 

acute leukemias, incorporating longitudinal disease monitoring tracking treatment response and detecting 

relapse, integrating genomic and molecular data with imaging and flow cytometry for comprehensive diagnostic 
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assessment, and developing uncertainty-aware active learning systems that strategically request expert labels for 

maximally informative cases. 

 

CONCLUSION 

 

This research developed and validated comprehensive machine learning frameworks achieving expert-level 

performance for automated leukemia classification from flow cytometry and mitral regurgitation detection from 

echocardiography. The integrated systems demonstrate that carefully designed ML approaches address complex 

medical diagnostic challenges while providing practical clinical utility. 

 

For leukemia classification, the ensemble framework combining gradient boosting, random forests, and neural 

networks achieved 96.3% accuracy, exceeding expert inter-observer agreement and providing 73% reduction in 

diagnostic time. UMAP-based dimensionality reduction, SHAP-based interpretability, and uncertainty 

quantification mechanisms ensure clinical trust and appropriate use. 

 

For mitral regurgitation detection, multi-modal CNN architecture fusing grayscale and Doppler imaging 

achieved 94.7% sensitivity and 92.8% specificity for detecting significant MR. Ordinal regression encoding 

severity scale structure, attention mechanisms highlighting diagnostically relevant regions, and comprehensive 

cross-institutional validation support clinical deployment viability. 

 

Key technical contributions include specialized preprocessing addressing instrument and protocol variability, 

engineered features capturing domain-specific diagnostic criteria, ensemble and multi-modal architectures 

combining complementary information sources, uncertainty quantification identifying ambiguous cases 

requiring expert review, and attention-based explainability providing clinician-interpretable reasoning. 

 

The frameworks demonstrate robust generalization across diverse clinical settings through cross-institutional 

validation, maintain high performance on imbalanced clinical datasets through targeted handling strategies, 

achieve clinically acceptable computational efficiency enabling real-time deployment, and provide interpretable 

predictions supporting clinical trust and adoption. 

 

Clinical impact includes substantial reduction in diagnostic turnaround time enabling faster treatment initiation, 

consistent expert-level accuracy reducing diagnostic errors, automated flagging of ambiguous cases optimally 

allocating expert attention, and standardized analysis reducing inter-observer variability. 

 

Limitations include validation on moderate-scale datasets requiring expansion to rare conditions and diverse 

populations, retrospective analysis necessitating prospective clinical trials, focus on classification without 

treatment recommendation or outcome prediction, and implementation challenges for production clinical system 

integration. 

 

Future work should pursue prospective clinical validation measuring patient outcome impacts, expansion to 

comprehensive diagnostic panels covering broader disease categories, integration of multi-omics data with 

imaging and flow cytometry, development of continuous learning systems adapting to evolving diagnostic 

standards, and economic analysis guiding deployment prioritization. 

 

As medical data volumes grow and diagnostic complexity increases, intelligent automated systems become 

essential for sustainable healthcare delivery. The frameworks developed here provide foundations for next-

generation diagnostic support systems combining human expertise with machine learning precision, ultimately 

improving patient outcomes through faster, more accurate diagnosis. 
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