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Abstract 

Aging is a fascinating yet intricate biological journey that brings about gradual changes in how our 

blood cells function and look. Recent studies indicate that these shifts are notably influenced by 

biological sex, but traditional methods of analyzing blood don't quite capture the subtle, gender-

specific differences in cell structure across large groups of people. Thankfully, the rise of machine 

learning (ML) in hematological research is paving the way for automated, high-throughput analysis 

of blood cell morphology. In this review, we bring together the latest insights on how aging affects 

blood cell shapes differently based on gender. We also delve into how various ML algorithms—like 

convolutional neural networks (CNNs), support vector machines (SVMs), and deep learning 

frameworks—are being used to identify and categorize these changes. Additionally, we explore how 

these technologies can help track responses to anti-aging treatments. Lastly, we address some 

challenges, such as dataset bias, understanding the models, and translating findings into clinical 

practice, while suggesting future paths for combining multi-omics data with ML-driven analysis to 

push the boundaries of precision geroscience. 
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1. Introduction 

The world is experiencing a significant demographic shift as our population ages, which has sparked 

a surge in research aimed at understanding, tracking, and potentially influencing the biological 

processes of aging. One of the most accessible and insightful biological samples we have is 

peripheral blood, which provides a lively glimpse into the systemic changes happening in our bodies. 

Blood cells—like red blood cells, white blood cells, and platelets—go through various changes in 

shape and function as we age, reflecting deeper shifts in how our hematopoietic stem cells (HSCs) 

operate, the burden of oxidative stress, inflammatory responses, and metabolic adjustments. 

Importantly, biological sex plays a crucial role in how we age at the hematopoietic level. Men and 

women show different blood profiles that become more distinct as they grow older, shaped by factors 
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like hormones, gene dosage from chromosomes, and sex-specific epigenetic influences. Hormones 

such as estrogen and testosterone, along with their effects, have well-established roles in processes 

like red blood cell production, immune cell development, and how platelets react. Yet, the subtle 

physical changes that highlight these gender differences—especially regarding aging and how we 

might treat it—are still not fully understood. 

Conventional hematological analysis, which includes a complete blood count (CBC) and a manual 

examination of peripheral blood smears, often falls short in providing detailed morphological 

insights and can vary depending on who’s interpreting the results. However, the rise of machine 

learning—especially deep learning and computer vision—has revolutionized our ability to extract 

detailed quantitative features from blood cell images on a large scale. These ML models are capable 

of spotting subtle variations in cell size, shape, texture, nuclear structure, and cytoplasmic makeup 

that might go unnoticed by the human eye or traditional automated analyzers. 

 

This review explores the exciting intersection of ML-driven morphological analysis, gender-specific 

hematological aging, and monitoring responses to anti-aging drugs. We offer a thorough overview 

of the biological foundations behind sex-differentiated blood cell aging, the current ML techniques 

used in hematological imaging, their role in discovering aging biomarkers, and the emerging 

evidence supporting their use in pharmacological monitoring. We wrap up with a thoughtful 

discussion on the limitations of these approaches and propose a forward-looking research agenda. 

2. Biological Basis of Gender-Specific Blood Cell Aging 

2.1 Erythrocyte Morphological Changes with Age and Sex 

Red blood cells (RBCs) go through a series of changes as they age. In older adults, you’ll notice 

more variability in cell size (anisocytosis), irregular shapes (poikilocytosis), and a decrease in their 

ability to change shape compared to younger folks. These shifts are a sign of the wear and tear on 

the RBC membrane from oxidative stress, changes in the structure of the spectrin network, and a 

drop in the effectiveness of red blood cell production in the aging bone marrow. As people get older, 

the mean corpuscular volume (MCV) usually rises, while the number of RBCs and hemoglobin 

levels tend to fall, especially in men after they hit their sixties, largely due to decreasing testosterone 

levels. 

There are also notable differences between the sexes when it comes to RBC characteristics. 

Premenopausal women typically have lower hemoglobin levels and RBC counts compared to men, 

largely because of iron loss during menstruation and the influence of estrogen on how sensitive their 

bodies are to erythropoietin. After menopause, though, women’s RBC metrics start to align more 

closely with those of men, indicating that sex hormones play a bigger role than just genetic 

differences. On a more detailed level, female RBCs show slight variations in their membrane lipid 

makeup and antioxidant abilities, which might help protect them from age-related oxidative damage. 

These subtle differences often slip under the radar of standard complete blood count (CBC) tests but 

could be picked up with more advanced imaging techniques. 

2.2 Leukocyte Aging and Gender Dimorphism 

The aging immune system, known as immunosenescence, brings about significant changes in the 

composition and structure of leukocytes. For instance, neutrophils in older adults often show issues 

like poor nuclear segmentation, less granularity, and reduced ability to move toward infection sites 

or produce reactive oxygen species. Lymphocytes, on the other hand, display signs of aging, such 
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as larger nuclei, irregular shapes, and more vacuoles in the cytoplasm. Additionally, the 

neutrophil-to-lymphocyte ratio (NLR), which indicates systemic inflammation, tends to rise with 

age and is linked to increased risks for heart disease and cancer. 

 

Interestingly, biological sex plays a crucial role in how leukocytes age. Women typically maintain 

higher lymphocyte counts and stronger immune responses as they get older, reflecting the known 

advantages of female immunity. In contrast, men experience a quicker shift in their hematopoietic 

stem cells (HSCs) towards myeloid cells, resulting in higher levels of neutrophils and monocytes. 

Moreover, natural killer (NK) cell numbers decline more sharply in aging men, while the 

expansion of regulatory T cells varies in both size and timing between the sexes. These differences 

in immune cell characteristics have physical traits that machine learning systems are becoming 

increasingly adept at measuring objectively. 

2.3 Platelet Biology in Aging and Sex 

Platelets are unique cells without a nucleus, originating from megakaryocytes, and their shape and 

behavior change quite a bit as we age. In older adults, we see a rise in mean platelet volume (MPV), 

an increase in the formation of platelet-leukocyte aggregates, and heightened activation states, all of 

which contribute to a prothrombotic environment associated with aging. When we look at the 

ultrastructure of platelets in older individuals, we notice things like granule depletion, mitochondrial 

issues, and changes in the cytoskeleton. 

 

There are also notable sex differences in how platelets function. Women tend to have larger platelets 

with a higher MPV compared to men of the same age, which is interestingly linked to a lower risk 

of thrombosis, likely due to the protective effects of estrogen on platelets. However, after 

menopause, women's platelet reactivity significantly increases, which helps explain why 

cardiovascular risks tend to equalize between genders later in life. These differences in platelet 

structure and function are an area that hasn't been fully explored yet, especially when it comes to 

using machine learning for monitoring, particularly in relation to anti-aging treatments aimed at 

reducing thromboinflammation. 

3. Machine Learning Methodologies for Blood Cell Morphological Analysis 

3.1 Image Acquisition and Preprocessing 

High-quality datasets of blood cell images are essential for developing machine learning models. 

Traditionally, digital microscopy of Giemsa or Wright-Giemsa stained peripheral blood smears has 

been the go-to imaging method. However, recent innovations like automated digital scanning 

platforms, such as the CellaVision DM series, are now producing standardized, high-resolution 

cellular images that are perfect for computational analysis. Additionally, flow cytometry-based 

imaging tools, like ImageStream, allow for the simultaneous morphological and phenotypic 

characterization of cells at a high throughput. 

 

When it comes to preprocessing, the typical steps include background subtraction, color 

normalization, cell segmentation, and augmentation to tackle class imbalance. Deep learning 

segmentation models, such as U-Net and Mask R-CNN, have shown to outperform traditional 
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thresholding methods for delineating blood cells, especially in crowded or overlapping samples. One 

ongoing challenge is the need for standardizing staining protocols and imaging parameters to ensure 

that models can generalize well across different sites. 

3.2 Classical Machine Learning Approaches 

In the early days of computational hematology, researchers relied on traditional machine learning 

algorithms like support vector machines (SVMs), random forests (RF), k-nearest neighbors (kNN), 

and linear discriminant analysis (LDA). These techniques worked with carefully crafted feature sets 

that included morphometric descriptors—think cell area, perimeter, circularity, and eccentricity—

as well as texture features like those from the Haralick co-occurrence matrix and Gabor filter 

responses, plus color histogram statistics. SVMs using radial basis function kernels showed 

impressive results in binary classification tasks, such as distinguishing between normal and 

abnormal cell morphology. Random forest classifiers have been especially useful because they can 

estimate feature importance, helping to pinpoint the most telling morphological features for tasks 

related to age and sex classification. However, it’s important to note that these methods often require 

a good deal of domain expertise for feature engineering and might struggle to capture complex, non-

linear patterns in morphology. 

3.3 Deep Learning and Convolutional Neural Networks 

CNNs have truly transformed the way we analyze blood cell images by allowing for end-to-end 

learning of complex morphological features without the need for detailed feature engineering. 

Various architectures like VGG-16, ResNet-50, InceptionV3, DenseNet, and EfficientNet have been 

utilized for tasks such as classifying RBC morphology, counting leukocytes, sizing platelets, and 

detecting abnormalities. By leveraging transfer learning from ImageNet-pretrained weights, we can 

significantly cut down on data needs and training time, making these methods practical even with 

smaller hematological datasets. 

 

On the cutting edge, attention mechanisms and vision transformers (ViTs) are enabling models to 

hone in on the most diagnostically important areas of cells. This is especially valuable for analyzing 

age-related morphological changes, which can be quite subtle and vary in different regions. Multi-

scale architectures that combine both cellular and subcellular features have proven to be effective in 

capturing the intricate morphological details of blood cells. 

3.4 Explainability and Interpretability Methods 

One of the ongoing hurdles in applying machine learning in clinical settings is the "black box" aspect 

of deep learning models. When it comes to researching hematological aging, being able to interpret 

these models is crucial for gaining scientific insights and meeting regulatory standards. Techniques 

like Gradient-weighted Class Activation Mapping (Grad-CAM) and its variations create saliency 

maps that highlight the parts of images that influence model predictions. This allows researchers to 

verify that the models focus on biologically relevant morphological features. 

On the other hand, SHAP (SHapley Additive exPlanations) values used in traditional machine 

learning pipelines help attribute feature importance, measuring how much each morphometric 

descriptor contributes to predictions about age or sex groups. Additionally, concept-based 

explanations and prototype networks add further layers of interpretability. These approaches are 
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increasingly being woven into machine learning workflows for blood cell analysis, paving the way 

for a shift from opaque classifiers to analytical tools that provide clear mechanistic insights. 

4. ML-Driven Detection of Age- and Gender-Specific Morphological Alterations 

4.1 Automated Age Estimation from Blood Cell Morphology 

A number of studies have looked into whether machine learning models that focus on the 

morphological features of blood cells can predict biological age, regardless of a person's 

chronological age. CNN models that are trained on datasets of erythrocyte morphology have shown 

they can estimate a donor's age with a mean absolute error of just 3 to 5 years. This suggests that the 

way blood cells look can provide strong signals about aging. When analyzing which features are 

most important in these models, researchers consistently find that irregularities in red blood cell 

shape, the texture of nuclear chromatin in lymphocytes, and variations in platelet volume are key 

indicators for predicting age. 

It's crucial to note that models that don't take sex into account tend to perform poorly when applied 

to female versus male populations. This highlights that sex is a variable that needs to be explicitly 

considered. Models that are stratified by gender or that include sex as a specific factor generally 

show better accuracy in age predictions compared to those that ignore sex altogether. This insight is 

vital for the development of aging biomarkers, emphasizing the importance of training and 

evaluating models with sex-disaggregated data. 

4.2 Sex-Specific Morphological Signatures of Aging 

Machine learning models have been harnessed to pinpoint aging patterns that differ between sexes, 

moving away from general population trends. When looking at erythrocyte populations, 

unsupervised clustering of morphometric features uncovers unique aging subtrajectories for males 

and females. Men tend to show signs of anisocytosis and acanthocyte formation earlier, while 

women experience a more sudden shift in cell shape regularity after menopause. These 

observations align with hormonal influences but offer a level of morphological detail that standard 

CBC parameters simply can't provide. 

 

In the analysis of leukocytes, machine learning classifiers that differentiate between younger and 

older individuals perform significantly better when the cohorts are sex-matched. The complexity of 

nuclear segmentation in neutrophils and the irregularity of lymphocyte nuclei reveal aging rates 

that are specific to each sex. Additionally, using graph neural network techniques to examine the 

spatial distribution of leukocyte subtypes in smear preparations has uncovered aging patterns in the 

immune cellular landscape that were previously hidden. 

4.3 Multi-Parameter Morphological Aging Indices 

A new and exciting approach is emerging that focuses on creating composite morphological aging 

indices derived from machine learning, which pull together features from various blood cell types. 

Similar to how epigenetic clocks use DNA methylation data, these so-called "morphological clocks" 

combine insights from the shape of red blood cells, the structure of white blood cell nuclei, and the 

size distribution of platelets to produce a single aging score. Early research indicates that these 

indices may be more effective than individual complete blood count (CBC) parameters when it 
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comes to predicting health outcomes related to aging, such as frailty, cognitive decline, and overall 

mortality. 

 

Moreover, sex-specific versions of these indices take into account the natural differences in blood 

composition and have shown to be more accurate in predicting outcomes in long-term studies. The 

combination of deep morphological features from convolutional neural networks (CNNs) with 

traditional features from classical morphometrics in ensemble models has shown great potential, 

merging the strengths of deep learning with the clarity of classical methods. 

5. Anti-Aging Drug Response Monitoring via ML Morphological Analysis 

5.1 Rapamycin and mTOR Pathway Inhibitors 

Rapamycin, also known as sirolimus, along with its rapalogs, has become one of the most 

extensively researched compounds in the realm of anti-aging. Its primary action revolves around 

inhibiting the mechanistic target of rapamycin complex 1 (mTORC1). In studies involving aging 

mice, treatment with rapamycin has been linked to changes in hematopoiesis, which includes 

variations in the self-renewal capacity of hematopoietic stem cells (HSCs) and shifts in the types of 

blood cells produced. When looking at the peripheral blood of these aging mice, those treated with 

rapamycin show altered distributions of leukocyte subsets and noticeable changes in the morphology 

of lymphocyte populations. 

 

To keep track of how rapamycin affects these changes, machine learning-based morphological 

analysis has been utilized in both preclinical and early clinical studies. Convolutional neural network 

(CNN) models, trained on blood smear images taken before and after treatment from aged animals, 

have been able to accurately classify the treatment status. Grad-CAM analyses have highlighted that 

changes in the texture of nuclear chromatin in lymphocytes and alterations in platelet morphology 

are key features that distinguish between treated and untreated samples. Interestingly, when 

analyzing the data by sex, it was found that female animals displayed more significant morphological 

changes in lymphocytes, while males showed greater variability in their erythrocyte populations. 

This suggests that the effects of rapamycin may differ between sexes, potentially due to varying 

levels of mTORC1 activity. 

5.2 Senolytics and Senomorphics 

Senolytic drugs, like dasatinib and quercetin (D+Q), are designed to target and eliminate senescent 

cells. Clinical trials have shown that they can effectively reduce markers associated with aging and 

inflammation. Senescent leukocytes have distinct features, such as larger cell size, a flattened shape, 

vacuoles in the cytoplasm, and irregular nuclear outlines. Machine learning classifiers that are 

trained to recognize these morphological traits offer a non-invasive, image-based way to assess how 

well senolytics are working. 

 

Navitoclax (ABT-263), which inhibits the BCL-2 family and has senolytic properties, specifically 

targets and reduces senescent neutrophils and natural killer cells. By using machine learning to count 

morphological differences before and after navitoclax treatment, researchers have been able to 

observe measurable changes in leukocyte shapes that align with markers of functional senescence. 
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Interestingly, studies have found sex-based differences in both the initial burden of senescent cells 

and the extent of response to senolytics. For instance, women tend to have higher baseline scores for 

morphological senescence in certain leukocyte groups, which respond more significantly to the D+Q 

treatment. 

 

5.3 NAD+ Precursors and Metabolic Anti-Aging Interventions 

Nicotinamide riboside (NR) and nicotinamide mononucleotide (NMN) are both precursors to NAD+ 

that have sparked a lot of interest in the clinical world for their potential to help with mitochondrial 

dysfunction linked to aging. Erythrocytes, or red blood cells, are quite active metabolically and rely 

on glycolysis and the pentose phosphate pathway, so they show some interesting changes when 

NAD+ is supplemented. Preclinical studies have noted improvements in how flexible these cells are 

and a decrease in shape irregularities caused by oxidative stress. 

When researchers used machine learning to analyze the shape of red blood cells in participants from 

NR/NMN clinical trials, they found subtle yet consistent enhancements in shape regularity and a 

drop in echinocyte formation—changes that standard complete blood count (CBC) tests might miss. 

Notably, these changes in cell shape seem to vary by sex: women tend to show earlier and more 

significant improvements in RBC shape regularity, which could indicate a connection between 

NAD+ metabolism and estrogen signaling pathways. These insights highlight the importance of 

using machine learning for monitoring cell morphology as a sensitive way to gauge 

pharmacodynamic responses in anti-aging clinical trials. 

5.4 Metformin and GLP-1 Receptor Agonists 

Metformin, a common medication for managing type 2 diabetes, has shown some intriguing anti-

aging effects in various model organisms and is currently under investigation in the groundbreaking 

TAME (Targeting Aging with Metformin) trial. This drug works by influencing blood cell 

production through AMPK activation and inhibiting mTOR, which has been linked to changes in 

bone marrow hematopoietic stem cell function and the distribution of blood cells. Recent machine 

learning-based analyses of individuals with diabetes and those without, who are aging and taking 

metformin, have revealed notable changes in the complexity of neutrophil nuclei and the diversity 

of monocyte shapes. 

 

On the other hand, GLP-1 receptor agonists like semaglutide and liraglutide also show promise with 

their anti-inflammatory properties, which could be significant for immune aging. Early machine 

learning studies on subjects treated with GLP-1 agonists indicate a decrease in certain inflammatory 

markers, such as less irregularity in monocyte nuclei and fewer morphological signs of platelet-

leukocyte aggregates. It's also important to note that there are recognized differences in how men 

and women respond to both metformin and GLP-1 agonists regarding blood parameters, and these 

differences are now being explored at a morphological level using machine learning techniques. 

6. Challenges and Limitations 

6.1 Dataset Heterogeneity and Representation Bias 

One of the key hurdles in research on hematological aging driven by machine learning is the lack of 

large, well-annotated datasets that are balanced in terms of sex and diverse in age. Most of the 
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datasets that have been published tend to focus on pathological conditions, leaving a significant gap 

in the representation of normal aging throughout the lifespan. When models are trained on these 

imbalanced datasets, they often excel with the majority groups but struggle with those that are 

underrepresented. Additionally, the lack of sex-disaggregated data in many studies makes it even 

harder to assess how well models perform across different genders. 

 

To tackle this, it's crucial to harmonize imaging protocols across various institutions, though this can 

be quite a technical challenge. Variations in staining, differences in scanners, and choices in 

magnification can lead to domain shift issues that hinder the generalizability of models. However, 

federated learning methods present a promising way forward. They allow for model training on 

distributed datasets without the need to centralize sensitive biological information, which helps in 

creating large, diverse training sets while keeping data privacy intact. 

6.2 Biological Complexity and Confounding Variables 

Blood cell morphology is shaped by a variety of factors that go beyond just aging and sex. Things 

like nutritional status, medications, existing health conditions, altitude, physical activity, and even 

acute stress can all play a role. To really understand the specific effects of aging and sex on blood 

cell morphology, researchers need to design their studies carefully, adjust for various confounding 

factors, and ideally gather data over time rather than just at one point. Machine learning models that 

are trained on data collected at a single time can mix up differences between individuals with the 

natural aging process within the same person, which limits their effectiveness as reliable biomarkers. 

 

6.3 Clinical Translation and Regulatory Considerations 

 

Bringing machine learning-based aging biomarkers into clinical practice and regulatory frameworks 

is no small feat. The rules for ML-driven medical devices demand thorough validation, clear 

information about the training data and how the models are built, and proof that they offer real 

benefits over current standard care practices. Since ML models can change as imaging technology 

advances, keeping them validated is an ongoing challenge. It’s crucial to engage with regulatory 

agencies like the FDA and EMA early in the development process to navigate these complexities 

effectively. 

7. Future Directions 

7.1 Multi-Omics Integration 

The combination of machine learning-derived morphological features with genomic, epigenomic, 

proteomic, and metabolomic data opens up an exciting new avenue for discovering aging 

biomarkers. By using multi-modal deep learning architectures that analyze blood cell images 

alongside transcriptomic or methylation data, we can expect to see better predictive performance 

and deeper insights into mechanisms than with traditional unimodal methods. It’s crucial to conduct 

sex-stratified multi-omics aging analyses to uncover the molecular foundations behind the 

morphological differences we see between sexes. 
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7.2 Longitudinal Cohort Studies and Digital Biobanks 

To truly understand individual aging patterns and validate machine learning-derived morphological 

clocks, we need prospective longitudinal studies that involve repeated blood sampling and 

standardized morphological imaging at set intervals. Creating digital biobanks that house high-

resolution blood cell images along with detailed clinical metadata will facilitate retrospective 

discovery studies and serve as training resources for the next generation of machine learning models. 

We should also tap into existing large biobanks like the UK Biobank and NIH All of Us, expanding 

them to include standardized digital morphological imaging. 

 

7.3 Point-of-Care ML Morphological Monitoring 

Recent breakthroughs in portable microscopy, microfluidic cell preparation, and edge computing are 

coming together to make point-of-care blood cell morphological analysis with machine learning 

interpretation a reality. These innovative platforms could enable regular and affordable monitoring 

of the morphological changes in older individuals taking part in anti-aging intervention trials, 

creating a wealth of longitudinal data that shows how their morphology reacts to treatment. It will 

be crucial to establish sex-specific reference ranges and alert thresholds based on comprehensive 

normative datasets to support these systems. 

 

Moving beyond associative machine learning models to causal frameworks will be vital for grasping 

the mechanisms behind sex-specific morphological aging. By applying causal deep learning and 

counterfactual explanation methods to blood cell morphological data, we can uncover the 

morphological effects of specific biological changes—like estrogen depletion, testosterone decline, 

or drug treatments—without the influence of confounding factors. Integrating this with experimental 

data from in vitro aging models and animal studies will help ground these analyses in biological 

reality. 

 

8. Conclusion 

Machine learning is changing the game when it comes to analyzing blood cell shapes, marking a 

significant shift in how we objectively and efficiently understand the hematological changes that 

come with aging. It's crucial to recognize that these changes are heavily influenced by biological 

sex—everything from how hormones regulate red blood cell production to the aging patterns of 

white blood cells. This means we should consider sex as a key factor in our analyses, rather than just 

something to control for. 

 

Machine learning techniques, especially deep learning models applied to high-resolution images of 

blood cells, have the ability to pick up on subtle, gender-specific features that traditional methods 

might miss. Using these techniques to monitor how anti-aging drugs work adds an exciting new 

layer to pharmacodynamics, allowing us to see how treatments like rapamycin, senolytics, NAD+ 

precursors, and metabolic regulators affect blood cell morphology with incredible accuracy. 

 

As this field develops, it will be essential to tackle issues like dataset diversity, understanding how 

models work, biological variables, and navigating regulatory challenges. With the right investment 

in long-term cohort studies, integrating various omics data, and developing causal analysis methods, 

machine learning-based blood cell morphology analysis could become a foundational technology in 
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precision geroscience. This would pave the way for personalized aging assessments and sex-specific 

monitoring of anti-aging therapies on a large scale. 
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