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Abstract 

Chronic lymphocytic leukemia (CLL) is characterized by a heterogeneous clinical 

course, with some patients showing slowly progressive disease and others progressing 

rapidly, requiring early intervention. This variability complicates treatment decision-

making and highlights the need for reliable prognostic indicators. One emerging factor is 

frailty, a multidimensional syndrome reflecting cumulative physiological decline across 

organ systems. In oncology, frailty is often estimated using the Cumulative Illness 

Rating Scale (CIRS), a weighted comorbidity index with prognostic value. However, the 

biological basis of CIRS and its relationship to molecular aging remain poorly 

understood. Because frailty shares physiological features with aging, biological aging 

markers, particularly epigenetic age derived from DNA methylation (DNAm) patterns, 

may offer mechanistic insight. Epigenetic age acceleration, where biological age 

exceeds chronological age, has been proposed as a predictor of frailty and disease risk. 

However, the accuracy of epigenetic clocks varies by tissue type, population, and 

training data. Cellular senescence, a hallmark of aging associated with a pro-

inflammatory secretory phenotype, may also reshape the epigenetic landscape and 

influence these clocks. Yet whether senescence contributes to epigenetic age 

acceleration and clinical frailty in CLL remains unclear. To investigate this, we profiled 

DNAm in both malignant B cells and non-malignant immune cells from CLL patients 

aged 52–98 years, examining associations between epigenetic aging, CIRS scores, and 

known prognostic markers, including IGHV mutation status and CD38 expression. We 

also analyzed T cell subsets to determine whether cellular senescence affected 

epigenetic age estimates or their predictive accuracy. Our findings show that epigenetic 

age acceleration does not correlate with CIRS scores or poor prognostic markers in 

CLL. Epigenome-wide association studies (EWAS) identified no significant CpG sites 

associated with high CIRS scores. In addition, cellular senescence markers did not 

influence epigenetic clock accuracy or affect estimates of cell composition. These 

results suggest that DNAm-based epigenetic clocks, while valuable for studying aging, 

may have limited utility in capturing clinical frailty, at least as defined by CIRS, in CLL. 

Overall, this study highlights the complexity of aging and frailty in hematological 

malignancies and underscores the importance of integrating molecular, clinical, and 

immunological data when developing biomarkers for risk stratification and planning. 
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1. Introduction 

1.1. Chronic Lymphocytic Leukemia  

Chronic Lymphocytic leukemia (CLL) is the most common form of leukemia 

among adults in Western countries, with an incidence rate of 4.2 cases per 100000 

individuals in a year1. In Canada, more than 2000 patients are diagnosed with CLL per 

year, with approximately 550 patients dying from its complications in 20222. This 

disease is highly prevalent among older individuals, with the median age of diagnosis 

ranging from 67 to 72 years old2,3.  

 

1.2. B cell dysfunction in CLL 

CLL is characterized by the excessive proliferation of clonally related, 

immunologically dysfunctional B lymphocytes in the bone marrow and peripheral 

blood4,5. To gain insights into the biology of CLL, it is important to first establish the 

primary function and developmental stages of B cells under normal circumstances. 

B lymphocytes are integral components of the adaptive immune system, which 

primarily functions to produce a large and diverse repertoire of antibodies, serve as 

professional antigen-presenting cells, and secrete cytokines that contribute to 

inflammatory processes. Development of B lymphocytes occurs in the bone marrow, 

where hematopoietic stem cells differentiate into pro-B cells before differentiating into 

pre-B cells, during which the cells undergo a rearrangement of genes for 

immunoglobulin heavy chain (IGHV) and immunoglobulin light chains, respectively6,7. 

Assembly of the heavy and light chains leads to the formation of B cell receptors (B-cell 

receptors) on the cell surface, which marks the transition of pre-B cells into immature B 

https://www.zotero.org/google-docs/?TjHzH1
https://www.zotero.org/google-docs/?5MEYfR
https://www.zotero.org/google-docs/?xhB6sn
https://www.zotero.org/google-docs/?o703Bd
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cells6,8. These cells undergo a selection process that ensure B cells can bind to their 

ligand to survive and that self-reactive B cells are eliminated9.  Immature B cells leave 

the bone marrow for further differentiation and become naive B cells that circulate the 

immune periphery in search of antigens10. After encountering an antigen via the B-cell 

receptor, B cells migrate to secondary lymphoid tissues (e.g. spleen and lymph nodes), 

where the B cells are activated through a series of signalling events that lead to 

differentiation and proliferation11. In the germinal centres of the secondary lymphoid 

tissues, B cells undergo somatic hypermutation in which deliberate point mutations are 

introduced into the gene encoding the variable region of the heavy and light chain of the 

immunoglobulins12. The accumulation of mutations diversifies the B cell receptors to 

produce high-affinity antibodies that can effectively recognize antigens13. 

Defects that occur during one of these stages in B cell development have 

significant repercussions for the B cell function. In fact, cytogenetic components that 

play a crucial role in normal B cell development are implicated in CLL development and 

provide prognostic information for clinicians, such as the mutation status of the IGHV 

gene1,14. Further details will be discussed later. 

 

1.3. Non-modifiable risk factors of CLL 

The higher prevalence of CLL in older adults highlights the important role that 

advanced age plays as a risk factor. However, advanced age is not the sole 

determinant. Other non-modifiable risk factors for developing CLL include being male, of 

European descent, and having a family history of the disease. 

https://www.zotero.org/google-docs/?a8DksK
https://www.zotero.org/google-docs/?XobkK9
https://www.zotero.org/google-docs/?7lUa4A
https://www.zotero.org/google-docs/?QkHJy6
https://www.zotero.org/google-docs/?gZyTzS
https://www.zotero.org/google-docs/?y5wWC5
https://www.zotero.org/google-docs/?tZBPrb


 12 

 The male-to-female incidence ratio for CLL is roughly 1.5 to 2, suggesting that 

men are diagnosed with CLL more often than women4,15,16. Additionally, CLL is 

predominantly diagnosed among the white population. In the United States, the 

incidence rate of CLL among White Americans is reported to be 5.1 cases per 100,000 

individuals17. In contrast, these rates are lower among African Americans (3.2 cases per 

100,000) and Asian Americans (1.1 cases per 100,000)16. Furthermore, there is 

evidence indicating a familial link to CLL; first-degree relatives, such as parents, 

siblings, and children, of individuals diagnosed with CLL have an eightfold increased 

likelihood of developing the disease themselves18. 

Recognizing and understanding the impact of non-modifiable factors such as 

sex, ethnicity, and familial history in the context of CLL pathophysiology is crucial for 

elucidating the disease’s pathophysiology. These factors not only influence disease risk 

and progression but also inform clinical practice and targeted treatment strategies 

aimed at improving outcomes for CLL patients. 

 

1.4. Etiology and Pathophysiology of CLL 

 In healthy adults, B cells comprise approximately 10% of all lymphocytes in the 

peripheral blood, and the absolute B cell count is approximately 200 cells per 

microliter19,20. A formal diagnosis of CLL requires B-cell count of over 5000 cells per 

microliter for over 3 months, as confirmed by flow cytometry21,22. Accumulation of these 

cells in the bone marrow may crowd out other leukocytes and interfere with blood cell 

development, which can lead to immune suppression23,24. Aside from the excess 

lymphocyte count, CLL is characterized by the expression of the following set of surface 

https://www.zotero.org/google-docs/?o8a1bI
https://www.zotero.org/google-docs/?9EKE4t
https://www.zotero.org/google-docs/?SM0Kmo
https://www.zotero.org/google-docs/?gvTCA9
https://www.zotero.org/google-docs/?p2cTDp
https://www.zotero.org/google-docs/?z5lFLi
https://www.zotero.org/google-docs/?4GN6gH
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markers on B cells: CD5, CD19, CD20 (low), and CD23 (high)21. By comparison, normal 

B cells express CD19 (a universal marker of all B cells), CD20 (relatively higher), CD23 

(low), and no CD525. 

The origins of CLL and the mechanism by which it acquires malignancy have yet 

to be elucidated. Nonetheless, its pathogenesis appears to be marked by two primary 

events: the development of the precursor condition called Monoclonal B lymphocytosis 

(MBL) and the progression of MBL to CLL26. Studies have found that the accumulation 

of genetic abnormalities leading to autonomous antigen-independent signalling through 

the B cell receptor pathway (causing an augmented B cell response observed in CLL) 

and malignant B cell interactions with the microenvironment have been implicated in the 

development of MBL and its progression to CLL27–29. The CLL microenvironment is 

primarily found in lymph nodes, spleen, and bone marrow, where B cells interact with 

various functionally altered cells like nurselike cells, stromal cells, follicular dendritic 

cells, and T cells30–32. These cells are involved in the release of chemokines to recruit 

CLL cells and adhesion molecules to maintain cell interaction and activate survival and 

proliferation pathways through CLL contact with its receptors30. Due to the significant 

role played by the tumour microenvironment in the unregulated proliferation and survival 

of CLL cells, treatments have been developed to target one of these interactions. One 

example of such a therapeutic drug is ibrutinib, an inhibitor of Bruton's tyrosine kinase 

essential for B-cell receptor signalling33,34. 

Although the dysfunction of B-cells primarily defines CLL, T cells are also 

implicated in the pathogenesis of this disease. Similar to B cells, T cells play several 

crucial roles in the adaptive immune system, including destroying cancer cells, 

https://www.zotero.org/google-docs/?HXhhBi
https://www.zotero.org/google-docs/?aUsjzA
https://www.zotero.org/google-docs/?N8Cpwz
https://www.zotero.org/google-docs/?FP4Zob
https://www.zotero.org/google-docs/?RPQ6i2
https://www.zotero.org/google-docs/?VMmiTJ
https://www.zotero.org/google-docs/?CH5zl0
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damaged cells, and cells infected with pathogens; coordinating immune response 

through cytokine signals, developing immunological memory for more effective 

secondary immune response, and regulating immune cells to maintain self-tolerance30. 

The most relevant function is that helper T cells stimulate the proliferation of B cells 

upon recognition of antigen peptides presented by the B cell. This, along with the B-cell 

receptor-mediated pathway, are essential components for B-cell activation. As such, 

aberrations like T cell exhaustion and immunological synapse defects can lead to a 

diminished ability to kill CLL cells and negatively impact B cell response that also relies 

on the cytokine signals from T cells35–38. T cell exhaustion is a phenotype highly 

associated with the increased expression of inhibitory molecules like PD-1, leading to 

reduced proliferative capacity and cytokine production37,39.  

Epigenetic profiling has refined current models of CLL pathogenesis by clarifying 

the likely cell of origin. Beyond genetic lesions and microenvironmental influences, DNA 

methylation studies indicate that CLL does not originate from a single, uniform B-cell 

stage across all patients. Instead, CLL methylation patterns can be positioned along the 

same developmental continuum observed in normal B-cell maturation, suggesting that 

the malignant clone retains a methylation imprint of the B-cell differentiation state from 

which it arose260.  

These maturation-linked methylation patterns are relatively stable and remain 

detectable after transformation, allowing CLL cases to be classified by their epigenetic 

similarity to less differentiated (naïve-like) versus more differentiated (memory-like) B-

cell states. This “cell-of-origin” signal provides a biologically grounded explanation for 

inter-patient heterogeneity in CLL and has been linked to differences in clinical behavior. 

https://www.zotero.org/google-docs/?3higvP
https://www.zotero.org/google-docs/?Kn65pn
https://www.zotero.org/google-docs/?A4bTTa
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For example, cases with methylomes that more closely resemble memory B cells have 

been associated with slower disease progression and more favorable outcomes, 

whereas more naïve-like profiles tend to align with more aggressive disease courses260, 

261. This maturation-linked epigenetic heterogeneity provides important context for 

prognostic markers such as IGHV mutation status and ZAP-70 and CD38 expression, 

which track with distinct biological subtypes. 

 

1.5. CLL trajectory and the factors that affect prognosis. 

CLL is known to have a heterogeneous trajectory for each patient, which 

complicates treatment decisions. For approximately one-third of diagnosed patients with 

CLL, the disease is stable or progressing very slowly. Patients in this group are likely to 

be asymptomatic, thus requiring no treatment at any point after their diagnosis40. 

However, clinicians continue to monitor the status of this disease by conducting blood 

cell counts and clinical examinations every three to six months to monitor for physical 

symptoms of progression, such as enlarged spleen, swollen lymph nodes, a 50% 

increase in lymphocyte count over two months, bone marrow failure leading to anemia, 

abnormally low platelet count and lymphoproliferative disease symptoms like extreme 

fatigue, weight loss, fevers, and night sweats. The second one-third may show slow 

progression over several years before needing treatment. At this point, the patients are 

likely to exhibit indicators of CLL progression. If one of these signs has been 

documented, therapeutic intervention can be initiated. Lastly, the remaining one-third 

will follow an aggressive disease course in which the patient presents with signs of CLL 

progression, thus requiring immediate treatment41,42. A thorough assessment of 

https://www.zotero.org/google-docs/?9M4luD
https://www.zotero.org/google-docs/?0Y865i
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prognostic markers will help determine high-risk patients for aggressive CLL and the 

optimal treatment options for them. It is important to add that the choice of treatment is 

dependent not only on prognostic markers but also on patient age and fitness, the latter 

measured by the degree of comorbidity. 

There are four main prognostic molecular markers: IgHV mutational status, CD38 

expression, ZAP-70 expression, and TP53 aberrations, that are tested prior to starting 

treatment. 

1. Among the most informative biomarkers is the mutation status of the 

immunoglobulin heavy chain variable region (IGHV) genes, which encode 

the variable domain of the antibody’s heavy chain component that play a 

crucial role in antigen-binding14. Therefore, under normal circumstances, 

the IGHV gene of B cell is expected to be mutated or more clinically 

defined as having a 2% or greater difference from the germline 

reference43. Meanwhile, clinical studies have found that unmutated IGHV 

is associated with poorer prognosis, such as a more aggressive clinical 

course and a shorter time to first treatment for patients43–45. Epigenetic 

profiling further suggests that this prognostic subgroup more often aligns 

with less differentiated, naïve-like methylation subtypes, whereas IGHV-

mutated cases more often align with more differentiated, memory-like 

methylation subtypes, consistent with a maturation-linked cell-of-origin 

imprint260,261. The exact reasons for this association are not fully 

understood, but it is proposed that it may be related to augmented 

https://www.zotero.org/google-docs/?35o4s0
https://www.zotero.org/google-docs/?MLK8zK
https://www.zotero.org/google-docs/?OcfWF2
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signalling facilitated by the B cell receptors of CLL cells with an unmutated 

IGHV46.  

2. Aberrations in the TP53 gene, whether through deletions on the short arm 

of chromosome 17 or direct mutations on the gene, are one of CLL’s 

strongest prognostic markers1,14,47. The TP53 gene encodes the tumour 

suppressor protein, p53, which serves a critical role in preventing cancer 

development by inducing a number of cellular responses including but not 

limited to apoptosis, DNA repair mechanism activation, and cell cycle 

arrest in response to DNA damage48. Mutations in TP53s have been 

detected in about 50% of all cancers, making it the most frequently 

mutated gene in human cancers47,49. CLL is no exception, as mutations in 

TP53 are strongly correlated with shorter progression-free survival and 

overall survival among patients with CLL47,50. 

3. Expression of CD38 in CLL cells was correlated with aggressive 

progression of the disease51,52. CD38 is a transmembrane glycoprotein 

that functions as a receptor and signalling molecule in lymphocytes. 

CD38-mediated signalling was reported to influence B-cell receptor 

responses that foster abnormal B-cell proliferation53. Furthermore, CD38+ 

promotes the migration of CLL cells to tumour microenvironments in 

proliferation centers of secondary lymphoid tissues53,54. The percentage of 

CD38+ distinguishes the clinical outcomes of CLL patients as those with a 

high expression of CD38+ in CLL cells (20-30%) will require treatment 

earlier and have a higher risk of mortality51. 

https://www.zotero.org/google-docs/?a9fPl8
https://www.zotero.org/google-docs/?POpwcJ
https://www.zotero.org/google-docs/?u6CwhF
https://www.zotero.org/google-docs/?St0d8D
https://www.zotero.org/google-docs/?uFe0Kk
https://www.zotero.org/google-docs/?YrMRVy
https://www.zotero.org/google-docs/?mOuiI5
https://www.zotero.org/google-docs/?f3TZ0z
https://www.zotero.org/google-docs/?b6tnHQ
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4. Zeta-chain-associated protein kinase (Zap-70) is a tyrosine kinase that is 

primarily expressed in T and NK cells and mainly functions by mediating 

signal transduction pathways to initiate T cell response55,56. In CLL, Zap-

70 was reported to have anti-apoptotic properties, thereby promoting CLL 

cell survival through enhanced B-cell receptor signalling and indirectly 

regulating the recruitment of T cells56. Positive Zap-70 expression in 

tandem with CD38 expression was more receptive to B-cell receptor-

mediated stimulation and correlated with greater migratory potential 

towards secondary lymphoid organs57,58. Accordingly, Zap-70 expression 

is highly correlated with aggressive progression of CLL59. Consistent with 

methylation-defined maturation subtypes described earlier, ZAP-70 

positivity is more frequently observed in cases with less mature or naïve-

like epigenetic profiles, whereas ZAP-70–negative cases more often align 

with more mature/memory-like epigenetic states260,261. 

Two of these prognostic markers, IGHV and TP53 gene mutation status, are 

strongly predictive of overall survival and have been used extensively to predict 

treatment response among CLL patients. The importance of these two markers for the 

determining choice of therapy is emphasized in the clinical guidelines for treating CLL 

released by the European Society of Medical Oncology in 20211. Patients with TP53 

mutations are precluded from receiving chemoimmunotherapy (e.g. fludarabine, 

cyclophosphamide and rituximab; and bendamustine plus rituximab) due to poor 

response60 1. Meanwhile, chemoimmunotherapy drugs may be offered to CLL patients 

with mutated IGHV status but are not recommended for patients with unmutated IGHV. 

https://www.zotero.org/google-docs/?IA46MO
https://www.zotero.org/google-docs/?6ER2g5
https://www.zotero.org/google-docs/?CY9A2B
https://www.zotero.org/google-docs/?Uf4nor
https://www.zotero.org/google-docs/?RzQjzw
https://www.zotero.org/google-docs/?iF9STW
https://onlinelibrary.wiley.com/doi/full/10.1002/ajh.26677
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CD38 and Zap70 expressions have been shown to predict the prognosis of CLL and 

have been used to stratify patients according to their prognostic outcomes (e.g. Good, 

poor, and intermediate)61. Although these two markers may not be powerful treatment 

predictors compared to IGHV and TP53, analysis of CD38 and Zap-70 still offer 

complementary information for assessing CLL progression in patients58. 

 

1.5.1. Complications 

Among the leading causes of mortality among patients with CLL are disease 

progression, infections, and secondary cancers, which account for more than 50% of 

mortality cause in several cohort studies22,62.  Although the cited studies do not explicitly 

define disease progression in the context of mortality, it can be implied that it refers to 

complications that include the crowding out of leukocytes, which interferes with the 

blood development within the bone marrow and infiltration of the malignant cells into the 

liver and kidney, which impairs organ function. Disease progression is also linked to the 

onset of  hypogammaglobulinemia, a condition characterized by low levels of antibodies 

and is observed in as high as 85% of CLL patients63,64. This high prevalence is typically 

observed in groups of patients who have been diagnosed with CLL for multiple years, 

indicating that the severity of hypogammaglobulinemia tends to increase as CLL 

progresses and as more time passes since the initial diagnosis65. One of the primary 

effects of hypogammaglobulinemia in CLL patients is the increased susceptibility to 

infections with studies reporting that up to 70% of patients experience at least one 

significant infection during their disease course66,67. Specifically, patients with low 

immunoglobulin levels have a higher frequency of bacterial infections, particularly those 
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caused by encapsulated organisms such as Streptococcus pneumoniae68.In addition, 

CLL patients are at a higher risk of developing secondary cancers compared to the 

general population which can be attributed to the compromised immune system in CLL 

patients. CLL is characterized by a dysfunctional immune response, particularly 

involving T-cells, which impairs the body's ability to surveil and eliminate emerging 

tumors69,70. This immune dysregulation is further exacerbated by the disease itself, 

leading to an increased incidence of infections and malignancies, most including skin 

cancers and lymphoproliferative disorders71,72. The emergence of secondary cancers in 

CLL patients poses several challenges. First, the presence of a secondary malignancy 

can complicate the management of CLL, as treatment regimens may need to be 

adjusted to address both conditions simultaneously73. This can lead to increased 

morbidity and mortality, as the prognosis for patients with concurrent malignancies is 

often poorer than for those with CLL alone22,73. Furthermore, the psychological burden 

of facing multiple cancer diagnoses can significantly impact the quality of life for these 

patients69,70 

Given the highly variable course of CLL, identifying biomarkers that can 

accurately predict patient outcomes is of particular interest. Measures of patient fitness 

are among the necessary evaluations performed to maximize survival outcomes. 

However, the biological underpinnings of such clinical assessments have yet to be 

elucidated. Various biomarkers involved in inflammation, metabolism, telomere length, 

and DNA methylation offer a promising framework for understanding the 

pathophysiological mechanisms that underlie the origins and progression of CLL. 

Interestingly, these aforementioned biochemical changes are characteristic of the aging 
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process, which aligns with the observation that CLL is a cancer primarily found in older 

individuals. Therefore, novel insights into the mechanisms of CLL development and 

progression may be garnered by exploring the aging process and its relationship with 

CLL. 

 

1.6. Aging 

The risk of cancers such as CLL rises dramatically with age, pointing to potential shared 

mechanisms between the aging process and CLL pathophysiology. However, the fact 

that not all individuals of advanced age develop CLL underscores a crucial gap in our 

understanding of aging. This calls for deeper investigation into the biological 

underpinnings of aging, with a focus on identifying the specific pathological changes 

that differentiate those who age healthily from those who are at risk of developing CLL. 

Such investigative efforts start with the definition of aging, which has been colloquially 

referred to as chronological age or the time elapsed since birth. Aging is a multifaceted 

Figure 1. Distinguishing between biological and chronological age. Two individuals 
of the same chronological age may exhibit different phenotypic outcomes as they 
age. At the age of 60, one individual may still be partaking in marathons without the 
burden of the typical morbidities, while the other may already need a cane to assist 
with mobility. The combination of genetic and environmental factors can influence the 
rate of phenotypic aging, which is a reflection of biological aging. 
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natural process involving biological, psychological, and social changes that affect the 

individual’s function74–76. This complexity is a contributing factor to the lack of 

consensus over its formal definition in academic circles76,77. For our purposes, we focus 

on the biological aspects of aging, which is commonly understood in the geriatrics field 

as the gradual decline of biological function across all levels of the human body 

resulting from cumulative cell damage over time. Biological aging is often discussed in 

the same context as age-related diseases like cancer and syndromes like frailty due to 

the significant overlap in the conditions and mechanisms that underlie them75,77. 

 

1.7. Hallmarks of Biological Aging 

Since the publication of the landmark review Hallmarks of Aging, researchers 

have been equipped with a comprehensive framework to understand how complex 

biological processes contribute to aging phenotypes and aging itself. Lopez-Otin et al. 

(2013) listed nine hallmarks of aging: altered intercellular communication, cellular 

senescence, deregulated nutrient-sensing, epigenetic alterations, genomic instability, 

loss of proteostasis, mitochondrial dysfunction, stem cell exhaustion, and telomere 

attrition78. The ever-expanding knowledge of the aging mechanism driven by continuous 

research has led to the addition of disabled macro autophagy, chronic inflammation, and 

dysbiosis, thus increasing the number of aging hallmarks from nine to twelve in the 

paper’s most recent update79. Of the 12 hallmarks, we focus on cellular senescence 

and epigenetic alterations for two main reasons. Firstly, changes in the epigenetic 

profile, particularly in DNAm patterns, has been emerging as the most robust markers of 

biological age76,80. This attribute positions it as an ideal medium for elucidating the 
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complex interplay between the aging process and CLL development. Secondly, the 

relationship between cellular senescence, aging, and DNAm alterations remains largely 

unexplored. While cellular senescence is recognized as a key feature of biological 

aging, there has been minimal research into the interactions between senescence and 

DNAm-based measures of aging, as well as its potential contribution to CLL 

development. 

 

1.7.1. Cellular senescence’s potential for elucidating biological aging.  

Cellular senescence is a prolonged state of cell division arrest characterized by 

phenotypic changes, including chromatin remodelling and the senescence-associated 

secretome81. While it is primarily understood to function as an anti-cancer mechanism 

by preventing the proliferation of damaged cells, cellular senescence is also implicated 

in aging and age-related diseases. In younger individuals, senescent cells are typically 

cleared by immune cells such as macrophages and T cells82. However, as individuals 

age, the ability to eliminate these cells diminishes due to their acquired resistance to 

apoptosis and evasion of immune surveillance, such as downregulating NKG2D ligands 

to avoid detection by NK and T cells82–86. In the absence of effective mechanisms to 

remove the accumulating senescent cells, increased pro-inflammatory signals sustain 

chronic inflammation, which is believed to accelerate the aging process82,84. 

While there is a recognized link between cellular senescence and aging, the 

question remains: how well is senescence correlated with other molecular changes 

associated with aging, particularly with DNA methylation? After all, they share 

similarities. Both senescence and aging are associated with specific alterations in DNA 
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methylation patterns, which may make it difficult to pinpoint whether DNAm alteration 

are specifically due to aging itself, cellular senescence, or other external factors or 

biological processes. For example, Sidler et al. reported that senescent human fetal 

lung fibroblast cells exhibited global and site-specific DNA hypomethylation that are also 

observed in aging cells, indicating that age-associated methylation patterns may not 

solely correlate with chronological age but also with the senescent state of the cells87. 

Furthermore, DNA methylation patterns can serve as biomarkers to predict biological 

age and reflect the senescence status of cells88,89. Although these DNAm changes 

occur at different genomic sites, they share similarities in that both age- and 

senescence-associated DNAm are completely reset during reprogramming into induced 

pluripotent stem cells, implying that both processes are regulated by similar epigenetic 

mechanisms90. 

To explore this connection further, we investigated the association of age-related 

DNA methylation changes with cellular senescence, which is characterized by a variety 

of markers that can be categorized into morphological, biochemical, and molecular 

indicators. For this project, we used a combination of two surface markers, CD28− and 

CD57+, to identify senescent T cells. CD28 is a costimulatory receptor expressed on 

CD4+ and CD8+ T cells, and it plays a significant role in T cell activation and function91. 

Aging and chronic infections, such as HIV and chronic hepatitis B, are associated with 

an impaired immune response attributed to the accumulation of CD28- T cells92,93.These 

cells result from repeated antigenic stimulation, where continuous exposure leads to a 

decrease in costimulatory signals provided by CD28, which is crucial for T cell activation 

and differentiation. Studies indicate that persistent stimulation, whether by viral antigens 
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or proinflammatory signals, causes CD4+ and CD8+ T cells to progressively 

downregulate CD28 expression, resulting in a population of dysfunctional T cells that 

are less capable of responding to new antigens and increased susceptibility to 

persistent infections92,93.94 In addition to the downregulation of CD28, senescent T cells 

are characterized by increased expression of CD57, a recognized marker of terminal 

differentiation in both NK and T cells95. The accumulation of CD57+ cells with age 

reflects the decline in the proliferative capacity of T cells, which is a key feature of 

senescence96,97. 

 

1.8. Frailty  

Here, we pivot from biochemical markers to physiological manifestations of 

aging, such as frailty, taking in a more interdisciplinary perspective to understand how 

the aging process leads to diseases associated with advanced age. Frailty has become 

the umbrella term for describing the accumulation of physiological function declines 

leading to reduced ability to cope with everyday stressors and increased vulnerability to 

adverse health outcomes like falls, disability, hospitalization, and mortality98–100 Due to 

the lack of a consensus definition, studies operationalize and measure frailty 

differently101–105. Two of the most widely used tools for assessing frailty in older adults 

are the Fried frailty criteria and Rockwood’s frailty index. 

The Fried frailty criteria are based on the phenotype model, defining frailty in 

terms of compromised energetics specifically by satisfying three of the following? 

phenotypes: weight loss, exhaustion, low physical activity, slowness, and weakness105. 

Meanwhile, Rockwood’s frailty index, based on the cumulative deficit model, measures 
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70 clinical deficits, and its interpretation depends on the clinician and the nature of the 

patient’s illness104. Several studies rely on these two tools underscore the importance of 

frailty as a significant predictor of adverse clinical outcomes, including increased 

hospitalization use and mortality99,100,106,107. Nevertheless, both have limitations. Fried’s 

frailty criteria require objective measurements of gait speed and grip strength to be 

assessed in clinics, while the Rockwood frailty index evaluates a broad range of health 

deficits, including physical, social, and cognitive functioning, which requires data 

collection from multiple sources (e.g., medical history, lab tests, and clinical exams). 

Considering the need for additional resources and specialized healthcare providers to 

conduct assessments, oncological clinics opt to measure surrogate measures of frailty 

like comorbidity burden, which offers a simpler and more efficient way of assessing 

frailty using the patient’s medical records108–110. 

 

1.8.1. Comorbidity burden as a proxy measure of frailty in CLL.  

Comorbidity, the concurrent presence of two or more medical conditions or 

diseases, and frailty are interrelated and are often observed among older 

individuals111,112. Although comorbidity burden and frailty are distinct, there is a strong 

overlap between the two, which is evident in their association with adverse health 

outcomes and their impact on treatment decisions. For instance, Fernandez et al. 

showed that non-frail patients with end-stage renal disease with a high comorbidity 

burden have an increased risk of waitlist mortality similar to their frail counterparts113. 

Meanwhile, Huang et al. found that the presence of comorbidities significantly affects 
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the frailty risk of patients with chronic obstructive pulmonary disease, which has clinical 

implications for tailoring preventative and treatment interventions112. 

These studies suggest that comorbidity captures similar aspects of health 

deterioration as frailty. This, along with the frequent co-occurrence of the two conditions, 

presents a stronger argument for comorbidity to be a proxy measure of frailty111. By 

utilizing comorbidity as a surrogate measure, clinicians can effectively assess frailty and 

its implications for patient care in oncology settings. 

 

1.8.2. Measuring comorbidity with the Cumulative Illness Rating Scale. Patients newly 

diagnosed with CLL often present with comorbidities, of which the most common are 

diabetes mellitus, congestive heart failure, other forms of cancers, and chronic lung 

disease44,114. The most common measure of comorbidities in CLL is the Cumulative 

Illness Rating Scale (CIRS) in leukemia clinics. CIRS rates the impairments of 13 organ 

systems on a five-point severity scale, and the resulting scores are associated with 

patient outcomes following treatment115,116. Validation studies found a strong association 

between CIRS and adverse long-term outcomes such as mortality, acute 

hospitalizations, and functional disabilities among older and frail populations117,118. 

Although CIRS is not a validated measure of frailty, it is considered a proxy indicator of 

frailty since it evaluates health aspects (i.e. comorbidities) that share similarities with the 

concept of frailty.  

When CLL patients have progressed to the point of requiring treatment, one of 

the required assessments is to determine the patient’s fitness to tolerate toxic 

chemotherapy. Fitness determination primarily relies on the patient’s chronological age 
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and comorbidity burden1. Standard chemoimmunotherapy for CLL such as fludarabine-

cyclophosphamide-rituximab (FCR), are reserved for younger individuals (less than age 

65) who are more likely to tolerate the toxicity associated with FCR119,120. Patients older 

than 65 with significant comorbidities are more likely to be prescribed alternatives like 

the combination of chlorambucil and obinutuzumab, which is reportedly to improve 

patients’ treatment response rate without the adverse side effects of FCR1,121. 

Functional impairments, presence of comorbidities, and organ function are also 

important components of accurately evaluating fitness, especially for older individuals1.  

A combined personalized assessment of prognostic markers and fitness status 

allows for an optimized treatment plan aiming to maximize survival time and quality of 

life among CLL patients109. Nonetheless, the biological underpinnings of comorbidity 

and other proxy measures of frailty have yet to be elucidated. Given the strong 

correlation between frailty symptoms and advanced aging, which share similarities with 

the loss of homeostatic regulation, a thorough examination of DNA methylation, one of 

the most robust markers of biological aging, and its mechanistic implications could offer 

novel perspectives122,123. 

 

1.9. DNA Methylation 

One of the most intensely studied epigenetic marks is DNAm, which involves the 

addition of a methyl group to the 5th carbon of the cytosine’s pyrimidine ring adjacent to 

the guanine nucleotide known as cytosine-guanine dinucleotides (CpG) sites124,125. Of 

the 28 million CpGs distributed unevenly across the human genome, most are found in 

non-coding regions that are typically methylated126,127. However, a small fraction of the 
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total CpGs occur in clusters called CpG islands. CpG islands are formally defined as 

DNA regions of at least 500 bp long with over 55% GC content and greater than 65% 

observed to the expected ratio of CpG128. CpG islands carry functional significance due 

to their proximity to promoters and important role in gene regulation. In fact, more than 

70% of gene promoters harbour CpG islands that are generally unmethylated124,129. 

Methylation of CpG islands located in promoters of normal cells is known to play a role 

in gene regulation and lead to gene silencing through direct and indirect means124,130. 

Mechanisms of direct suppression of gene expression involve inhibiting transcription by 

blocking the binding of transcription factors to the DNA131,132. Meanwhile, indirect 

mechanisms of gene repression include recruiting repressive proteins like methyl-

binding proteins to cooperate with compressors to modify the chromatin structure, 

making it less accessible to transcription factors132,133. 

 

1.9.1. Factors contributing to variation in DNAm.  

DNAm has traditionally been viewed as a gene repression mechanism, 

especially in the promoter regions. However, further studies have come to challenge this 

view. Positive correlations between DNAm in gene bodies and gene expression have 

been reported in normal and malignant cells134–136. This positive relationship appears to 

be more common in proliferating cells, where genes are actively transcribed. In contrast, 

in slowly dividing cells or tissues, such as the brain, gene body methylation is often 

inversely correlated with gene expression.137–139. Overall, the complex regulatory nature 

of DNAm leads to significant differences in both global and specific DNAm patterns 
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across various tissue and cell types. These variations contribute to the distinct gene 

expressions profiles, which define the identity and function of each cell or tissue type. 

DNAm patterns do not just differ by cell type or tissue but also by sex. Czamara 

et al. identified 3031 CpGs located on autosomes that were differentially methylated 

between newborn males and females140. In a later study using improved methylation 

assays with more stringent cutoffs, Grant et al. identified 396 strongly differentially 

methylated CpGs between adult males and females141. These sex-specific DNAm 

patterns can have profound implications for understanding differences in the risk and 

progression of various health conditions as seen in cardiovascular diseases and 

neurological disorders142,143. 

Additionally, variation in DNAm patterns between different ethnic groups and 

between ethnic subgroups have been identified. A study comparing first-generation 

South Asian immigrants and European-origin individuals living in the UK found 16 433 

differentially methylated CpGs attributed to ethnic differences144. In another study 

comparing Hispanic subgroups (e.g. Puerto Rican, Mexican, Other Latino, and Mixed 

Latinos), 194 differentially methylated CpGs were found to be associated with ethnicity, 

most of which are reported to be influenced by genetic ancestry and environmental 

factors145 Although ethnicity is primarily a social construct with contentious biological 

significance, specific ethnic groups can be associated with certain genetic markers 

inherited from common ancestors, indicating shared ancestry. Moreover, members of 

ethnic groups often share cultural elements (e.g. dietary habits) and social experiences 

(e.g. psychosocial stress), which can influence their environmental exposures and 

susceptibility to diseases145–148. For example, traditional diets emphasizing vegetables, 
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fruits, and whole grains, often associated with the Mediterranean diet, correlate with 

methylation patterns observed in cancer-free individuals149,150. Moreover, prolonged 

chronic stress experienced by disadvantaged ethnic groups may significantly alter 

methylation levels at select CpG sites146,151.  

Differentially methylated CpGs have also been associated with exposure to 

specific environmental chemicals, such as heavy metals (e.g., cadmium, lead, and 

mercury), tobacco smoke, and ambient air pollution, which are said to affect the 

enzymatic activities involved in maintaining methylation patterns152,153. While 

environmental factors have been independently shown to explain variations in 

numerous studies, it is important to acknowledge that the effects of these factors can 

also be modified by ethnic, social, and cultural influences. For instance, marginalized 

populations or ethnic groups associated with disadvantaged socioeconomic status are 

often at a higher risk of exposure to environmental pollutants due to the characteristics 

of their residential neighborhoods154–157.  

Given the significant methylation differences by sex, cell type or tissue 

distribution, ethnicity, and environmental exposures, it is crucial for epigenomic studies 

to consider these factors as potential confounders when investigating differential 

methylation attributed to biology158,159.  

 

1.10. DNAm patterns in common human diseases 

The regulation of gene expression underscores the importance of DNAm’s role in 

various cellular processes including embryonic development, tissue differentiation, 

maintenance of chromosomal stability, and X chromosome inactivation124. As such, 

https://www.zotero.org/google-docs/?IiwNxE
https://www.zotero.org/google-docs/?vYYQPJ
https://www.zotero.org/google-docs/?5HFAJi
https://www.zotero.org/google-docs/?ZCSiTO
https://www.zotero.org/google-docs/?v01De6
https://www.zotero.org/google-docs/?vCjEy8


 32 

perturbations in DNAm and its regulatory mechanisms have been implicated in the 

pathogenesis of various cancers (e.g. colon, breast, prostate), atherosclerosis, and 

inflammatory bowel diseases. 

Several clinical studies report aberrant DNAm patterns in cancerous phenotypes 

compared to those classified as healthy or normal.  For instance, global 

hypomethylation, defined as the decrease in DNA methylation levels across the genome 

relative to control, has been confirmed in malignant prostate, breast, and colon 

tissues160–164. Conversely, hypermethylation, or higher methylation levels relative to 

control, at specific genomic sites, were found in promoters of tumour suppressor genes 

in colorectal cancer as well as in the non-promoter regions (e.g. gene bodies) in breast 

cancer165–167.  In addition to malignant phenotypes, DNAm variants have also been 

associated with adverse health outcomes such as (i.e. diseases progression, treatment 

resistance, shorter survival, and higher mortality168–172 

Overall, these studies not only underscores the significance of CpGs in 

understanding the dysregulated mechanisms leading to disease but also suggest the 

potential of DNAm variants to serve as reliable biomarkers for prognostic, predictive, 

and therapeutic purposes170,171. While the discovery of candidate DNAm biomarkers 

have profound clinical implications, it is important to note that these breakthroughs are 

largely supported by the emergence of high-throughput sequencing technologies and 

complex algorithms to analyze high-volume epigenomic data.  
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1.10.1. Methods for analyzing DNAm and its successes.  

As genetics research advances, more DNAm loci that are strongly associated 

with diseased traits or adverse health outcomes are identified by epigenome-wide 

association studies (EWAS). EWAS is a research approach that can be divided into two 

main components: bench work and computational analysis173. The bench work 

component involves interrogating hundreds of thousands of CpGs across the genome of 

a given sample using arrays like the Infinium methylation assays or high resolution 

techniques like next-generation sequencing 174. Meanwhile, the computational analysis 

segment creates a predictive model from the profiled epigenome to identify DNAm 

variants with the most robust association with the phenotypes of interest174. Over the 

last decade, EWAS has made several achievements in identifying significant 

associations while investigating various diseases and exposures175–179. Among the 

notable early works on EWAS is the analysis to determine differentially methylated 

CpGs associated with smoking. Breitling et al. discovered a significantly differentiated 

CpG located on a gene that had not been linked to smoking prior to the study180,181. 

Further applications of EWAS in conjunction with improved Infinium methylation assays 

have expanded the number of identified differentially methylated CpG linked to smoking 

into the thousands. Some of these findings (e.g. cg05575921 in AHRR) have been 

validated in subsequent studies,  with some evidence suggesting its potential clinical 

relevance for assessing risk of smoking-related morbidities (e.g. lung cancer) and 

mortality182–184. For complex diseases, EWAS has identified CpGs with significant 

associations with other types of cancers (e.g. breast, colorectal), autoimmune (e.g. 
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rheumatoid arthritis), metabolic (e.g. Type II diabetes), and neurodegenerative (e.g. 

Alzheimer’s) disorders185–189. 

 

1.10.2. Cell population heterogeneity compounds DNAm studies.  

Despite the successes of EWAS, some challenges arise with this approach; thus, 

caution must be exercised when interpreting the results. Many epigenome-wide 

association analyses were performed on easily accessible bulk tissues like whole blood, 

which is composed of different cell types. Seven major leukocyte cell types (neutrophils, 

eosinophils, basophils, monocytes, B cells, CD4 +T  and CD8 + T cells) can be identified 

from  whole blood, each cell type exhibiting unique DNA methylation profiles190,191. 

Because DNAm data resulting from microarray is the average methylation across a 

mixed population of cells, it can be challenging to distinguish DNAm alterations 

attributed to biology (i.e. phenotype of interest) from DNAm alterations due to shifts in 

cell proportions144,179,192,193.  

To address these issues, correction methods were developed to distinguish true 

differential DNAm from differential DNAm attributed to cell composition. One such tool is 

cell deconvolution. Cell deconvolution is a computational technique for predicting cell 

type proportions from heterogeneous samples using DNA methylation profiles. Several 

of these tools use references of cell-type-specific methylation signatures derived from 

purified cell types of young and healthy populations to differentiate between cell 

types191,194–197. Integrating cell deconvolution algorithms in EWAS is crucial for ensuring 

the accuracy and reliability of the findings. This necessity is highlighted in the study by 

Liu et al., who investigated rheumatoid arthritis cases compared to controls using whole 
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blood samples179. Prior to adjusting for cell type distribution and other confounding 

variables such as age, sex, and smoking status, the study identified approximately 

51,000 CpG sites associated with the disease. However, following these adjustments, 

significant associations were markedly reduced to around 9,400 CpG sites179. Similarly, 

Bauer et al. discovered that the differentially methylated expression in a CpG site that 

has been reported to be significantly associated with smoking was actually influenced 

by variations in T cell subtypes within the peripheral blood samples198. These studies 

highlight the critical role that proper adjustment for cell type composition and other 

confounders plays in obtaining accurate and reliable results in EWAS. 

Thus far, we have introduced one approach for analyzing DNAm data: identifying 

methylation markers associated with diseases, traits, or exposures using EWAS 

methods. Although EWAS serves as a powerful tool for understanding epigenetic 

variations and disease risk, it is important to take precautions to minimize bias by 

adjusting for major confounders, such as cell type composition. In subsequent sections, 

we explore an alternative method of analyzing DNAm data, which focuses on 

understanding inter-individual differences in aging and their implications for disease 

development and progression risk. 

 

1.11. DNAm changes with age 

Previously, we discussed briefly that there are DNA methylation alterations 

associated with aging.  Another important feature of epigenetic aging is that inter-

individual DNA methylation variability increases with age. This is well illustrated by 

monozygotic twin studies, which show that twins exhibit virtually identical methylomes 
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but become progressively more epigenetically discordant over time, consistent with 

accumulating stochastic drift and divergent environmental and lifestyle exposures199. 

Moreover, a comparison study of newborn and centenarian methylomes shows that the 

latter had lower methylated CpGs in promoters, exons, introns, and intergenic 

regions200. It is important to note that age-associated methylation changes are not 

limited to hypomethylations. Methylation gains were found in several CpG islands, many 

of which are located in the promoters of developmental genes that also encode tumour 

suppressors and transcription factors for differentiation201,202. 

Evidence suggests that these methylation changes may be linked to gradual 

deregulation of epigenetic machinery that maintains DNAm patterns may be 

involved178,202–204. A study by Ciccarone et al. reported that the expression of DNMT1, 

an enzyme mainly responsible for maintaining methylation patterns, decreases with 

age202. Meanwhile, Xiao et al. found that expression levels of DNMT3a and DNMT3b, 

both of which are enzymes similar to DNMT1s that are known to catalyze methylation of 

unmethylated DNA during early development, are higher in older individuals compared 

to their younger counterparts204. While the results of these studies have provided 

valuable insights into the dynamic methylation process, the precise biological 

mechanisms regulating methylation alterations over time are still not well understood205. 

Nonetheless, this phenomenon of widespread changes in DNA methylation (DNAm) 

patterns throughout the genome, often referred to as epigenetic drift in the literature, is 

believed to underlie the predictive DNAm changes captured by mathematical models of 

age predictors, such as epigenetic clocks. 

 

https://www.zotero.org/google-docs/?nwMkev
https://www.zotero.org/google-docs/?QYhpzS
https://www.zotero.org/google-docs/?pToABQ
https://www.zotero.org/google-docs/?1wx8lX
https://www.zotero.org/google-docs/?swDQgb
https://www.zotero.org/google-docs/?UFrn8h
https://www.zotero.org/google-docs/?UdHbod
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1.11.1. Epigenetic Clocks.  

The discovery of differentially methylated CpGs that strongly correlate with 

chronological age and are well-validated across multiple samples led to the 

development of epigenetic clocks, models that accurately predict age based on 

methylation profiles. The first generation of epigenetic clocks was considered 

chronological clocks since the models only contained the parameters for chronological 

age206,207. These clocks generally perform well overall; however, prediction error and 

bias are not necessarily uniform across the lifespan, and several studies have reported 

larger deviations at the extremes of age (e.g., younger adults and older adults), with the 

direction and magnitude of bias varying by clock and tissue257-259. Although 

chronological clocks accurately predict chronological age, these tools do not fully 

capture the age-related decline in cell or tissue function that is reflected in biological 

age208,209. Since biological age is more closely tied to health outcomes, disease risk, 

and mortality risk, chronological clocks were reported to have relatively limited clinical 

relevance. 

 

1.11.2. Constructing Epigenetic Clocks.  

Epigenetic clocks are derived from linear regression algorithms trained by a large 

dataset of DNAm profiles and corresponding chronological ages of the sample donors. 

The algorithm learns the relationship between DNAm patterns and the sample donors' 

chronological age, resulting in a model that can predict age based on the methylation 

profiles of a given sample206. To improve model performance, the number of parameters 

(i.e. number of CpGs) in a model must be reduced from 27,000-800,000 CpG, 

https://www.zotero.org/google-docs/?w6dRGO
https://www.zotero.org/google-docs/?W4B3P8
https://www.zotero.org/google-docs/?9wdIe6
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depending on the array used for interrogation, to only the most informative CpGs for 

age prediction. Therefore, feature selection techniques are applied to select only the 

CpGs with the strongest and most consistent correlation with chronological age222,223.  

These steps are sufficient to produce chronological clocks that predict age based 

on DNAm using only chronological age as their parameter. Meanwhile, biological clocks 

consider not only chronological age but also molecular and physiological changes that 

occur with age. Biological clock parameters may also include clinical measurements 

pertaining to diseases, making this clock more informative of disease prognosis and 

mortality. 

Improving on the shortcomings of chronological clocks ushered in a new 

generation of epigenetic clocks that reflect the physiological changes during aging. 

Biological clocks, such as phenotypic or mitotic clocks, are more precise predictors of 

individuals' health outcomes and disease risk than chronological clocks since the 

models account for biological health measurements. For example, PhenoAge 

incorporates nine clinical biomarkers of aging, such as albumin, creatinine, glucose 

serum, c-reactive protein, lymphocyte percent, mean cell volume, red cell distribution 

width, alkaline phosphatase, and white blood cell count, in addition to chronological 

age208. As a result, PhenoAge outperformed chronological clocks (e.g. Horvath and 

Hannum) in predicting morbidity and mortality risk188,210–212. Other biological clocks 

measure specific molecular changes (e.g. stem cell division in epiTOC clocks) related to 

aging and output a predictive score indicating disease risk213.  

Epigenetic clocks capture the changes in DNAm patterns that occur with normal 

aging. The risk of developing adverse health conditions are said to be associated with 

https://www.zotero.org/google-docs/?OsESmJ
https://www.zotero.org/google-docs/?9mJpmA
https://www.zotero.org/google-docs/?D1BGNw
https://www.zotero.org/google-docs/?9Br2jC
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accelerated aging, which is also captured by epigenetic clocks. Epigenetic age 

acceleration is the residuals of regressing DNAm age on chronological age. Regardless 

of which epigenetic clock is used (whether you choose to use biological or 

chronological), these tools provide an estimate of biological age (i.e. DNAm age) that is 

compared to chronological age to assess the rate of aging.  

 

 

If the estimated DNAm age is higher than the chronological age, this indicates 

accelerated aging or epigenetic age acceleration (EAA). EAA has been linked to 

increased risk of adverse health outcomes such as cardiovascular diseases, some 

cancers (e.g. breast, and head and neck) and overall mortality214–217. Conversely, if 

Figure 5. Relationship between epigenetic age and chronological age. In ideal 
circumstances, epigenetic age closely tracks chronological age, following a one-to-one 
line relationship. Double-headed arrows indicate residuals derived from regressing 
epigenetic age onto chronological age. Positive age acceleration occurs when epigenetic 
age exceeds chronological age, suggesting faster biological aging. Conversely, negative 
age acceleration reflects a lower epigenetic age relative to chronological age, indicating 
slower biological aging. 

https://www.zotero.org/google-docs/?GmWKyy
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estimated DNAm age is lower than chronological age, this indicates slower aging or 

aging deceleration. Although much of the literature focuses on EAA, it has been posited 

that age deceleration may be associated with longevity and healthier lifestyle habits 

(e.g. diet, alcohol consumption, and smoking)218–221. 

 

1.11.3. Different epigenetic clocks and their relevance in CLL studies.  

To our knowledge, more than 20 epigenetic clocks for humans have been 

published. Each clock exhibits unique features, but in general, the differences include 

the types of tissues used to train the clock, and the age of the samples. We chose four 

clocks for our studies: Hannum, Horvath, EpiTOC, and PhenoAge.  

Introduced in 2013, the Hannum clock was developed using 71 CpG sites from 

adult whole blood samples207. Hannum clock correlates well with chronological age in 

blood samples and has been used to predict adverse health outcome risks in psychiatric 

disorders such as schizophrenia, cancer (colon, colorectal, breast, pancreatic), and 

overall mortality188,216,224. However, because Hannum was specifically trained on blood 

samples, it is not a highly accurate age predictor in non-blood tissues, thereby limiting 

its generalizability across different populations and conditions. 

In contrast, the Horvath clock, which was also published in 2013, is a pan-tissue 

epigenetic clock that uses 353 CpG sites to predict chronological age across various 

tissues and cell types206. Its development was considered significant in the epigenetic 

field as it was trained in various tissues and cell types, making it robust against 

variations in tissue and cell type composition. Due to its versatility, the Horvath clock 

enabled researchers to explore the effects of aging in various contexts. While 

https://www.zotero.org/google-docs/?5r7S0b
https://www.zotero.org/google-docs/?Nt1brx
https://www.zotero.org/google-docs/?D5tSBl
https://www.zotero.org/google-docs/?LLO7zj
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investigating the relationship between epigenetic aging and risk of selected cancers, 

Durso et al. showed that accelerated biological aging, as measured by the Horvath 

clock, is associated with an increased risk of breast and colorectal cancer, highlighting 

the clock’s potential as a clinical biomarker225 . The Horvath clock has also been applied 

to assess biological aging in the context of neurodegenerative disorders and 

psychosocial stressors. Kular et al. reported that patients with progressive multiple 

sclerosis exhibited accelerated epigenetic aging as measured by the Horvath clock, 

providing insights into the mechanisms underlying the disease’s progression226. 

Additionally, research has shown that adverse childhood experiences are associated 

with accelerated epigenetic aging, as measured by the Horvath clock, indicating that 

early life stress can have long-lasting impacts on biological health227–229. The Horvath 

clock, while a significant advancement in the field of epigenetics for estimating biological 

age, has some limitations that can affect its applicability and accuracy in certain 

contexts. Although it correlates well with chronological age, the Horvath clock does not 

specifically account for the biological factors that contribute to health and disease, which 

can vary significantly among individuals188.  

To address these shortcomings, phenotypic clocks like PhenoAge clocks were 

developed to incorporate health-related biomarkers and clinical data into their 

algorithms. The PhenoAge clock, developed by Levine et al., is designed to predict 

biological age based on a combination of chronological age and nine clinical 

biomarkers, including measures of inflammation and metabolic health208. This approach 

allows PhenoAge to provide a more nuanced understanding of biological aging that is 

directly linked to health outcomes, making it particularly useful in clinical 

https://www.zotero.org/google-docs/?mhTfKw
https://www.zotero.org/google-docs/?kl5ZKD
https://www.zotero.org/google-docs/?vznC0G
https://www.zotero.org/google-docs/?5MC2V6
https://www.zotero.org/google-docs/?GVr79d
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settings188,210,212. For example, findings from Vetter et al. suggested that PhenoAge may 

be a promising tool for identifying patients who are at greater risk of diabetes 

complications. Moreover, some studies have noted that the PhenoAge clock can guide 

clinical interventions. Reduction in predicted age by PhenoAge clocks was significantly 

associated with physical functional capacity, making it valuable for evaluating the 

effectiveness of assessing weight management interventions to improve healthy 

aging210,230.  

Many clocks like PhenoAge were designed to provide a measure of biological 

age that is strongly predictive of various health outcomes, including chronic diseases 

like cancers and all-cause mortality, contributing to the broader understanding of the 

interplay between biological aging and various adverse health conditions. Conversely, 

clocks can be designed to generate risk scores for more specific conditions like cancer; 

one example of such a clock is EpiTOC. The EpiTOC clock has been used to study the 

relationship between aging and cancer risk by focusing on the epigenetic changes at 

385 CpG sites associated with cellular turnover213. The output of the EpiTOC clock, 

known as the pcgtAge score, reflects the accumulated DNAm errors as the cell divides 

over time, which is an indicator of cellular aging and is also significantly involved in 

cancer development. Notably, blood cancers were not used in the clock’s cancer 

validation analyses; instead, the authors demonstrated cancer-associated acceleration 

primarily across multiple solid tumour types213. Due to its emphasis on mitotic activity, 

the EpiTOC clock holds significant relevance in cancer research, with studies utilizing it 

to identify individuals at high risk of developing cancer213,231–233. 

https://www.zotero.org/google-docs/?Vu5je7
https://www.zotero.org/google-docs/?Ahlr4x
https://www.zotero.org/google-docs/?V4mMEW
https://www.zotero.org/google-docs/?xzm8iZ
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The selection of these four distinct epigenetic clocks for this study is grounded in 

their robust validation within the literature, demonstrating strong predictive accuracy for 

various health outcomes. Utilizing these clocks enabled a more nuanced understanding 

of biological aging and its intricate interactions with age-related conditions like frailty and 

senescence, thereby enhancing the depth of our analysis. Given that each epigenetic 

clock possesses inherent limitations, including variations in accuracy across different 

tissues and populations, employing multiple clocks allows us to mitigate these individual 

constraints and enrich our findings. Furthermore, the primary technical assumptions 

required by each clock to ensure the reliability and validity of our results were met by 

our samples. 

 

Table 1. Key features of select epigenetic clocks: type, training characteristics, and 
performance metric. 

Epigenetic 
Clock Name 

Epigenetic 
Clock Type 

Training 
samples 
(tissue types) 

Training age 
range 

Reported 
Correlation 
(Error) 

Hannum207  Chronological Whole blood 19-101 0.96 (3.9) 

Horvath (Pan-
Tissue)206 

Chronological Multi-tissue, 
including 
whole blood 

0-100 0.98 (2.7 for 
whole blood) 

Levine 
(PhenoAge)208 

Biological/Phe
notypical 

Whole blood 21-100 0.94 

EpiTOC213 Biological/Mito
tic 

Whole blood 19-101 -- 

 

These technical assumptions include the chronological age of our samples fall within 

the chronological age range of samples used to train the Hannum, Horvath, PhenoAge, 

and EpiTOC clocks208. Moreover, our samples are peripheral blood mononuclear cells 

https://www.zotero.org/google-docs/?aK84ZW
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(PBMCs) isolated from whole blood, representing the leukocyte fraction (T cells, B cells, 

NK cells, and monocytes) similar to those utilized in training the clocks. This is crucial 

because epigenetic clocks are developed based on specific DNA methylation patterns 

that are characteristic of particular tissues. These patterns reflect age-associated 

changes that occur in the epigenome, and their accuracy in predicting biological age is 

contingent upon the similarity between the training samples and the samples being 

analyzed206,234. Furthermore, our samples contain various clinical information that may 

allow for a more comprehensive assessment of biological age that reflects the 

individual’s health status by PhenoAge. Lastly, our samples were derived from patients 

with cancer, specifically CLL; thus cancer-related epigenetic changes may be uniquely 

captured by EpiTOC. 

  

https://www.zotero.org/google-docs/?jQ3Rls
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2. Rationale, Hypothesis, and Objectives 

2.1 Cell type predictions and senescence 

2.1.1 Rationale 

 While DNAm-based predictors of epigenetic age and cell type proportions are 

recognized for their accuracy in the literature, the biological factors or conditions that 

may affect this accuracy remain underexplored. There is speculation that senescence 

may be linked to age-associated alterations in the methylation landscape that these age 

predictors rely on. Therefore, it is necessary to determine how senescence impacts the 

accuracy of DNAm-based measurements. 

 

2.1.2 Research Questions 

In the final phase of my project, we aimed to investigate three key questions 

pertaining to the relationship between cellular senescence and DNAm in the context of 

age and cell type estimation.  

1. First, we sought to determine whether the degree of senescence in a 

sample is significantly associated with the magnitude of predictive errors 

in DNAm age.  

2. Second, we assessed whether the degree of senescence in a sample is 

significantly associated with the magnitude of predictive errors in DNAm 

cell type proportion.  

3. Lastly, we examined whether differences in the senescence markers 

examined affect the relationship between senescence and predictive 

accuracy of DNAm-based estimators of age and cell types. 
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Through addressing these questions, we explored how senescence may affect the 

accuracy of DNAm-based estimators, which could shed light on the biological 

mechanisms that regulate precise ticking of epigenetic clocks.  

 

2.1.3 Hypothesis 

We expected to observe significant positive correlation between specific 

senescent markers, such as positive expression of CD57 and negative expression of 

CD28, and age acceleration. Furthermore, I expect to find a significant positive 

correlation between these senescent markers and discrepancies in cell type 

proportions. 

 

2.2 Epigenetic Age and Epigenetic Clock 

2.2.1 Rationale  

The CIRS offers a comprehensive framework for assessing the severity and 

complexity of illnesses across multiple bodily systems. This tool has been extensively 

employed in the treatment planning of patients with CLL due to its strong predictive 

capacity regarding patient survival following therapeutic interventions. Nevertheless, the 

biological basis of the CIRS remains to be fully elucidated. Among the various 

biomarkers currently under investigation as potential predictors of CIRS scores, 

epigenetic age, specifically DNAm age, has garnered particular interest. Consequently, 

it is important to investigate the relationship between CIRS scores and epigenetic age to 

assess the validity of epigenetic age as a biomarker for CIRS. 
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2.2.2 Research Questions 

In this part of the project, we addressed two crucial questions that explore the 

interplay between CLL and DNAm age.  

1. First, we determined whether epigenetic age is more closely associated 

with the CIRS score than chronological age. This inquiry is crucial as it will 

provide valuable insights into the biological mechanisms that underpin the 

CIRS score.  

2. Secondly, we investigated the extent to which cell types, epigenetic clocks, 

and various CLL risk factors explain the variations in DNAm age in CLL 

patients. This question will guide us in identifying other associations with 

DNAm age of our CLL patients. 

 

2.2.3 Hypothesis 

We hypothesized that CLL patients with a high comorbidity burden, defined as a 

CIRS score exceeding six, will demonstrate greater age acceleration compared to those 

with a low comorbidity burden, characterized by a CIRS score below six. Furthermore, 

CLL patients presenting with poor prognostic markers, such as unmutated IGHV genes, 

a history of smoking, positive expression of ZAP-70, and low expression of CD28, are 

also expected to exhibit heightened age acceleration. I also expect that there will be 

differences in epigenetic age acceleration between B and non-B cells. 
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2.3 Epigenome-wide association study  

2.3.1 Rationale 

 EWASes have been instrumental in identifying promising epigenetic biomarkers 

for various diseases, serving clinical purposes such as disease risk assessment, 

prognosis and treatment outcomes. To date, no CpGs have been identified in the 

literature that can distinguish between high and low comorbidity burden in CLL patients. 

Therefore, an epigenome-wide association analysis was conducted on the CIRS 

comorbidity burden. 

 

2.3.2 Research Question 

 In the second phase of my project, we focused on a central research question: 

Are there differentially methylated sites that are significantly associated with the CIRS 

score? This inquiry is designed to guide our exploration in identifying novel methylation 

patterns that may serve as robust predictors of frailty measurement scores. Such 

findings could ultimately enhance the optimization of treatment strategies for patients 

with CLL. 

 

2.3.3 Hypothesis 

We hypothesized that performing EWAS on our samples will identify differentially 

methylated positions or CpGs that are significantly associated with CIRS comorbidity 

burden, which can prompt further investigation into its potential as a proxy biomarker of 

frailty among CLL patients. 
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3. Methods 

3.1. Sample Selection and Preparation 

Peripheral blood mononuclear cells from 64 CLL patients aged 52-98 were 

obtained from the Manitoba Tumour Bank, which houses a collection of tumour 

samples, initially collecting breast cancer cells but has since expanded to leukemic 

samples voluntarily taken from patients diagnosed with cancer in the province. The 

samples were selected from a list of 68 patients. Four non-B samples with the lowest 

purity (13%-46% non-B cells) were removed. All measurements of the dead and B cells 

were performed using flow cytometry. Quality of the non-B samples were prioritized due 

to the project’s initial focus on the non-cancerous non-B cells of CLL. 

All samples used in this project were taken during the period between diagnosis 

and first treatment, so none of the samples were exposed to treatment.  Samples were 

transferred to the Marshall Lab to isolate B cells via negative selection using the 

EasySep Human B cell Enrichment Kit II (STEMCELL Technologies, Vancouver, 

Canada) according to manufacturer’s directions. Marshall Lab former members, Xun 

Wu and Jane Maksimova primarily performed the separation of B and non-B cells from 

the CLL PBMCs. I assisted in the separation of the first few samples. With negative 

selection, non-B cells adhere to the antibodies attached to the magnetic beads, which 

were then magnetized to pin the tagged non-B cells to the tube walls. The untouched B 

cells remained in suspension and were poured off into the new tube. After centrifuging 

and draining the supernatant, the B cells in the precipitate were ready for downstream 

analysis. The non-B cells that were attached to the tube wall held by the magnetic 
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beads are resuspended and collected before centrifuging then snap freezing them into 

pellets for DNA analysis. 

 

3.2. CIRS Cut-off for Comorbidity Group Classification 

The cut-off used to define comorbidity burden in this study was based on the 

Cumulative Illness Rating Scale (CIRS), with scores ≥6 classified as high comorbidity 

and scores <6 classified as low comorbidity. This threshold was selected because it has 

been used in the literature to distinguish patients with greater comorbidity burden from 

those considered more clinically fit, particularly in the context of treatment stratification 

in CLL263. The same cut-off was applied in this study to define case and control groups 

on the basis of clinically meaningful differences in overall health status. This approach 

was also consistent with the judgment of our CancerCare clinical collaborators, who 

considered a CIRS score of 6 to be an appropriate threshold for identifying patients with 

higher comorbidity burden and reduced fitness for standard chemotherapy in this 

cohort. 

 

3.3. DNA Extraction, Bisulfite Conversion and PCR 

DNA extraction from the B and non-B cell pellets were performed using the 

DNeasy® Blood &Tissue Kit (Qiagen, Hilden, Germany). To discriminate methylated 

from unmethylated CpGs, bisulfite conversion was performed with the EZ DNA 

Methylation-Gold™ (ZymoResearch, Irvine, CA, USA) Kit protocol. In this step, the 

unmethylated cytosine residues are converted to uracil, then later, to thymine after DNA 

amplification with polymerase chain reaction (PCR). The methylated cytosine residues 
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remain unaltered. Microarray assays require approximately 750 ng of DNA for optimum 

performance, thus samples with low DNA yield were evaporated using a vacuum 

concentrator. DNA concentration and quality of the samples were assessed with the 

NanoDrop Spectrophotometer. Standard DNA methylation quality control procedures, 

described below, were applied to all samples, including those that underwent 

concentration. The Omixer package in R was used to randomize the position of each 

sample during its loading onto the microarray chips. Randomization was performed to 

reduce batch effects, which is a phenomenon of introducing non-biological variations 

into microarray data stemming from differences in sample processing and measurement 

and thus, may hinder the detection of true biological signals. 

 

3.4. Measuring DNAm levels in the PBMCs 

In this project, DNAm was measured using the Illumina EPIC array, which is 

capable of profiling DNAm modifications in over 850 000 DNA methylation sites. 

Intensity Data (IDAT) files are the raw Illumina methylation data that store that intensity 

data captured by each probe. The array measures the methylated and unmethylated 

intensities of each CG site, both of which are used to calculate the proportion of 

methylation at each CG site. There are two ways to quantify methylation levels are 

individual CpG sites: B-values and M-values 

 

Β = M/(M + U) [Ratio of methylated probe intensity and the overall probe intensity] 
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Beta values fall between zero and one or 0% and 100%. Ideally, beta value of 

zero indicates that all probes of a given CG site are unmethylated. Conversely, beta 

values of one or 100% indicates that all probes for that CG site are methylated. The 

bounded range of beta values allows direct interpretation of the results since it 

approximates that proportion of methylation of a CG site. However, this very statistical 

feature makes beta values unsuitable for further methylation analysis and regression 

modelling. 

 

Β = log2(M / U) [the log2 ratio of the intensities of methylated probe and unmethylated 

probe] 

 

M values closer to zero are indicative of an equal ratio of methylated and 

unmethylated probes. Higher amounts of methylated molecules relative to unmethylated 

probes are indicated by more positive M-values whereas the inverse is indicated by 

more negative M-values. Both M-values and B-values are metrics used to quantify DNA 

methylation levels and are frequently reported together. However, the appropriateness 

of each method depends on the specific context. M-values exhibit homoscedasticity, 

where the residual variations of regression models are consistent across all values of 

the independent variables. This feature is generally regarded as important when 

performing statistical analyses in order to produce reliable and valid results. On the 

other hand, B-values are helpful for interpretation since B-values directly reflect the 

proportion of methylation at a specific CpG. This makes B-values easier to interpret 

biologically. 
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3.5. Preprocessing, Normalization, and Quality Control 

Raw IDAT files were imported and processed using the minfi package in R. 

Sample-level quality control was performed by assessing detection p-value distributions, 

signal intensities, and overall array performance to identify poorly performing or outlier 

samples. Exclusion decisions were based on the combined assessment of these quality 

control metrics, and no samples showed consistent evidence of poor performance 

across measures; therefore, no samples were excluded after DNA methylation data 

generation. Initial quality control steps included the removal of CpG probes with 

detection p-values >0.01 in more than 1% of the samples and as well as those with a 

bead count (the number of beads that successfully report a signal for a given CpG 

probe in a given sample with low counts indicating unreliable measurement) of less than 

three. Non-CpG probes, probes located on the X and Y chromosomes, and probes with 

known cross-reactivity or probes with common single nucleotide polymorphisms were 

filtered out. Following functional normalization to correct for technical variation like batch 

effects, beta values were further normalized using the wateRmelon R package’s beta-

mixed quantile normalization (BMIQ) function. BMIQ corrects for the probe type bias 

inherent in the Illumina Infinium platforms, which uses two types of probes that were 

designed differently by aligning the distribution of beta values across probe types.  

 

3.6. Epigenetic Clock Output and Epigenetic Age Acceleration 

Outputs from Horvath, Hannum, PhenoAge, and EpiTOC clocks are available 

through the Clock Foundation (https://dnamage.clockfoundation.org/). This online clock 

only requires the beta values from a list of specific CG probes (csv file of the necessary 

https://dnamage.clockfoundation.org/
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probes is provided by Horvath and available in the Clock Foundation website) and the 

sample annotation file specifying the chronological age, sex, and tissue of a sample. 

Therefore, no probe filtering or probe-type normalization was done performed prior to 

the upload of subset of DNAm data from the CLL samples. The following estimates 

were obtained from the clock output: Epigenetic age from Hannum 

(DNAmAgeHannum), Horvath (DNAmAge), and PhenoAge (DNAmPhenoAge), 

epigenetic age acceleration from Hannum, Horvath, and PhenoAge (AgeAccelPheno), 

and pcgtAge from EpiTOC. For each clock, epigenetic age acceleration was calculated 

as the residual from a linear regression of DNAm age on chronological age. Residuals 

greater than zero indicate higher DNAm age than expected for a given chronological 

age, whereas residuals less than zero indicate lower DNAm age than expected. 

 

3.7. Cell Type Estimations 

To obtain DNAm-predicted cell type estimations, the Flow.Sorted.Blood.EPIC 

reference dataset along with optimal IDOL probes from the raw IDAT data was used to 

deconvolute CD8T, CD4T, NK, Monocytes, Neutrophils, and B cell proportions.  

Due to the inherent challenges in working with compositional data such as cell 

type proportions that sum to 1 or 100%, we applied a combined isometric log ratio 

transformation, followed by robust Principal Component Analysis (PCA) using the 

robCompositions package (v.2.3.1), to identify independent components from the inter-

correlations in our cell composition data. The first four components, which accounted for 

greater than 90% of the variance in our cell-type mixtures, were then used for 
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subsequent EWAS. The composition of each cell type was independently assessed in a 

linear regression with age and comorbidity burden to evaluate which had a larger effect. 

For the senescence analysis of T cells in CLL patients, flow-cytometry measured 

proportions of CD4+T and CD8+T cells along with senescent markers, CD28+ and 57+, 

and were obtained. Following isolation of PBMCs, the cells were stained with anti-CD45 

antibody to gate on leukocytes. Data acquisition was done on a Beckman Coulter 

Cytoflex flow cytometer (Beckman Coulter, Brea, USA), and populations were gated 

using FlowJo software v10 (BD Biosciences, San Jose, USA). The proportion of 

senescent T cells were identified as CD4+T and CD8+T subsets expressing the markers 

CD57+ or CD28+. In this case, CD4+CD57+ cell are the sum of CD4+CD57+PD1+ and 

CD4+CD57+PCD1-, whereas CD8+CD57+ cells are the sum of CD8+CD57+PD1+ and 

CD8+CD57+PCD1-. CD4+ T cells with the senescent marker, CD28+ have the sum of 

CD4+CD27+CD28+ and CD4+CD27-CD28+ while CD8+ T cells with the senescent 

marker, CD28+ have the sum of CD8+CD27+CD28+ and CD8+CD27-CD28+. 

Percentages were calculated relative to the total live CD4+T cells or CD8+T cells. 

 

3.8. EWAS 

Differential DNA methylation between high and low comorbidity burden in the 

non-B cell fraction of CLL samples was assessed using epigenome-wide association 

analysis (EWAS) with the limma R package. Linear models were fitted for each CpG 

site using ComBat-corrected M-values as the outcome. To account for unmeasured 

sources of technical and biological variation, surrogate variable analysis (SVA) was 

performed, and the estimated surrogate variables were included in the models. Models 
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were additionally adjusted for chronological age, sex, smoking status, and cell 

composition, the latter represented by the first four principal components derived from 

cell type estimates, which together explained more than 90% of the variance.  

To reduce bias and inflation in the EWAS test statistics, bacon correction was 

applied to the model output, and corrected p-values were used for downstream 

interpretation. Because CpG sites were tested on an epigenome-wide scale, p-values 

were further adjusted for multiple testing using the Benjamini–Hochberg false discovery 

rate (FDR) procedure. CpG sites with FDR-adjusted p-values < 0.05 were considered 

statistically significant. For visualization and descriptive interpretation, volcano plots 

were generated using nominal significance thresholds of p < 1 × 10⁻⁵ and p < 1 × 10⁻⁶, 

corresponding to −log10(p) ≥ 5 and −log10(p) ≥ 6, respectively. CpG sites were 

highlighted in the volcano plot if they met p < 1 × 10⁻⁵ and an absolute methylation 

difference of |Δβ| ≥ 0.01, where Δβ represents the difference in mean beta values 

between the high and low comorbidity groups. CpG sites exceeding p < 1 × 10⁻⁶ were 

additionally annotated on the plot. 

 

3.9. Statistical Analyses 

Analyses were performed using R statistical software version 4.4.1. Plots were 

created using the ggplot package. Pearson correlation coefficient was used to assess 

the strength and direction of the association between DNAm methylation age and 

chronological age, and cancer risk score (pcgtAge) and chronological age. Pearson 

correlation was also used to examine the relationship between epigenetic age 

acceleration, and proportions of senescent T cells and naive T cells as well as the 
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relationship between the magnitude of epigenetic clock errors and senescent T cell 

proportions. Epigenetic clock errors were defined by taking the absolute values of the 

residuals or the differences between the epigenetic age and chronological age of each 

CLL sample. Differences in age acceleration between adverse prognostic variables and 

less adverse prognostic variables in non-B and B cell were assessed with a paired 

sample T-test, with significance defined at p < 0.05. 
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4. Results 

4.1 Study population characteristics 

The study included 64 patients diagnosed with CLL, with a median age of 77 

years (range, 52–98), with a mean age of 75.6 years (SD 9.6), and 33 patients (51.6%) 

were female. At the time of sampling, all patients had not undergone treatment. 

Participants were categorized into two groups based on their comorbidity burden, 

as assessed by the CIRS. Thirty-five patients had a CIRS score ≥6 and were classified 

as having a high comorbidity burden, while 29 patients had a CIRS score <6 and were 

classified as having a low comorbidity burden. The distribution was not balanced due to 

prioritization of sample quality, which resulted in a greater number of patients in the high 

comorbidity group. 

Patients in the high comorbidity group were older than those in the low 

comorbidity group, with a median age of 79 years (range, 52–98; mean 77.8, SD 8.9) 

versus 74 years (range, 53–97; mean 73.0, SD 9.9), respectively, and this difference 

was statistically significant (p = 0.023). No statistically significant differences were 

observed between the high and low comorbidity groups for sex (p = 0.625), smoking 

history (p = 0.917), IGHV status (p = 0.779), p53 status (p = 0.933), ZAP-70 status (p = 

0.530), or CD38 expression (p = 0.945).In terms of smoking history, approximately 48% 

of the cohort had never smoked, while 47% were either current or former smokers. 

IGHV mutation status was available for most participants, with 45% harbouring mutated 

IGHV and 42% unmutated; the remainder had missing data. The distribution of p53 

mutation status was skewed, with only 6% confirmed to have a mutated p53, 55% 

unmutated, and the rest unknown. ZAP-70 expression was negative in 45% of the 
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cohort. CD38 expression was below 20% in 52% of patients, while 30% exhibited CD38 

positivity (≥20%). 

Additional clinical and demographic variables, including del(17p) mutation status, 

race, and ethnicity, were excluded from analysis due to extensive missingness. These 

limitations, along with the need to prioritize high-quality DNA samples, restricted our 

ability to conduct further subgroup matching. Table 2 summarizes the full clinical and 

demographic characteristics of the cohort. 

  



 60 

Table 2. Clinical and demographic characteristics of the CLL patient cohort. 

Comorbidity Burden 

  Higha 
(N=35) 

Lowb 
(N=29) 

Total 
(N=64) 

p-valuee 

CIRSc score     

  1 0 (0%) 5 (17.2%) 5 (7.8%)  

  2 0 (0%) 3 (10.3%) 3 (4.7%)  

  3 0 (0%) 4 (13.8%) 4 (6.3%)  

  4 0 (0%) 11 (37.9%) 11 (17.2%)  

  5 0 (0%) 6 (20.7%) 6 (9.4%)  

  6 11 (31.4%) 0 (0%) 11 (17.2%)  

  7 4 (11.4%) 0 (0%) 4 (6.3%)  

  8 7 (20.0%) 0 (0%) 7 (10.9%)  

  9 7 (20.0%) 0 (0%) 7 (10.9%)  

  10 2 (5.7%) 0 (0%) 2 (3.1%)  

  11 3 (8.6%) 0 (0%) 3 (4.7%)  

  12 1 (2.9%) 0 (0%) 1 (1.6%)  

Sex    0.625 

  Female 17 (48.6%) 16 (55.2%) 33 (51.6%)  

  Male 18 (51.4%) 13 (44.8%) 31 (48.4%)  

Chronological 
Age (years) 

   0.023 

  Mean (SD) 77.8 (8.9) 73.0 (9.9) 75.6 (9.6)  

  Median [Min, 
Max] 

79.0 [52.0, 98.0] 74.0 [53.0, 
97.0] 

77.0 [52.0, 
98.0] 

 

Smoking History    0.917 

  No 16 (45.7%) 15 (51.7%) 31 (48.4%)  

  Unknown 2 (5.7%) 1 (3.4%) 3 (4.7%)  
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  Yes 17 (48.6%) 13 (44.8%) 30 (46.9%) 0.779 

IgHVd Status     

  Mutated 15 (42.9%) 14 (48.3%) 29 (45.3%)  

  Unknown 4 (11.4%) 4 (13.8%) 8 (12.5%)  

  Unmutated 16 (45.7%) 11 (37.9%) 27 (42.2%)  

p53 Status    0.933 

  Negative 20 (57.1%) 15 (51.7%) 35 (54.7%)  

  Positive 3 (8.6%) 3 (10.3%) 6 (9.4%)  

  Unknown 12 (34.3%) 11 (37.9%) 23 (35.9%)  

Zap 70 Status    0.530 

  Negative 14 (40.0%) 15 (51.7%) 29 (45.3%)  

  Positive 13 (37.1%) 7 (24.1%) 20 (31.3%)  

  Unknown 8 (22.9%) 7 (24.1%) 15 (23.4%)  

CD38+ 
Expression 

   0.945 

  <20% 18 (51.4%) 15 (51.7%) 33 (51.6%)  

  >= 20% 11 (31.4%) 8 (27.6%) 19 (29.7%)  

  Unknown 6 (17.1%) 6 (20.7%) 12 (18.8%)  

a-b High comorbidity burden indicates CIRS score of 6 or higher. Low comorbidity burden 
indicates a CIRS score of below 6. 
cCIRS means Cumulative Illness Rating Scale. 
dIgHV means immunoglobulin heavy chain variable region. 
eFisher’s exact test; Wilcoxon rank sum test (for Chronological Age). 
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4.2 Cell type predictions 

4.2.1 Prediction of cell types in B and non-B cells 

Different blood cell types have distinct DNAm profile. Heterogenous samples like 

the whole blood extracted from CLL patients were expected to be a composite of 

distinct DNAm patterns, which would be problematic for EWAS analysis. If cell type 

proportions are not accounted for, it could confound results and make it difficult to 

pinpoint which cell type(s) are strongly associated with observed variable of interest. 

Furthermore, variation in cell-type composition can obscure relevant signals or produce 

associations driven by cell-type differences rather than by the variable of interest itself. 

Since we do not have complete measured proportions of cell types in our CLL whole 

been separated into B and non-B cells using their respective DNAm data.  

Following the estimation of the cell type composition for each sample, two 

observations suggested that the cell separation process was successful.  First, the 

predicted proportion of B cells was more than 50% greater in the B cell fraction than in 

the non-B cell fractions. Second, cell type estimations of the non-B samples were 

composed predominantly of non-B immune population including T cells, natural killer 

(NK) cells and monocytes. Small predicted neutrophil proportions were also detected by 

the deconvolution algorithm in some samples. Although neutrophils are not typically 

expected in PBMC-derived fractions, low levels may reflect minor contamination during 

sample processing or limitations of DNA methylation-based deconvolution rather than 

true substantial neutrophil content (Figure 3).  
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These observations are in line with what we expected. However, there were 

findings that suggest our physical separation of the B and non-B cells was not perfect. 

For one, our B samples contained small proportions of non-B cells (CD8+T, CD4+T, and 

monocytes). Secondly, the non-B samples still contained a considerable proportion of B 

Figure 3. Comparison of DNA methylation–predicted and flow cytometry–measured 
CD4+ and CD8+ T-cell proportions. Cell type proportions in B and non-B samples 
estimated using DNA methylation profiles. More than 50% of estimated proportions 
within the B fractions were identified to be B cells. However, non-B samples still 
contained a proportion of B lymphocytes, ranging from 3.8% to 64.4%, despite 
undergoing magnetic separation.  
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cells, and in some cases (e.g. sample 1459 and 1490) they comprised more than 50% 

of the estimated cell proportion. This is verified by purity estimates of non-B cells 

courtesy of flow cytometry.  

 

 

Figure 4. Inverse relationship between DNAm-estimated B cell proportion and flow 

cytometry–derived non-B cell purity. Each point represents an individual sample. The 

solid blue line represents the fitted linear regression, with the shaded region indicating 

the 95% confidence interval. Each point represents an individual sample. The solid 

blue line represents the fitted linear regression, with the shaded region indicating the 

95% confidence interval. 
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Flow cytometry–based purity estimates for the non-B fractions ranged from 58% 

to 95%. To quantitatively assess concordance between physical cell separation and 

DNAm-based deconvolution, we examined the relationship between flow cytometry–

derived non-B cell purity and DNAm-estimated B cell proportions within the non-B 

fraction (Figure 4). As expected, higher estimated B cell proportions were associated 

with lower non-B cell purity, demonstrating a moderate negative correlation (R = −0.47, 

p = 0.00011). These findings indicate that DNAm-based deconvolution captures relative 

differences in sample purity and suggest that residual B cell signal in the non-B fraction 

is largely attributable to incomplete physical separation rather than solely limitations of 

the deconvolution method. 

These indicators suggest that the magnetic separation methods of PBMCs did 

not yield completely purified B cells in our B cell groups and purified non-B cells in our 

non-B cell groups. One possible contributing factor is that cell clumping during magnetic 

separation may have led to non-specific binding, which affects the purity of the isolated 

cell populations. Another observation is that several of the estimated cell proportions do 

not add up to one (or 100%). In theory, computational techniques that estimate the 

proportion of different cell types in a mixed sample known as deconvolution methods, 

would use an exhaustive reference of all cell types present in the bulk samples and 

constrain the estimated proportions to add up to 100%262,263. Although our analysis 

focused on only six leukocyte subtypes, the absence of reference profiles for additional 

cell type, such as dendritic cells and macrophages, not included in the cell-type 

prediction algorithm may partially account for the unassigned DNA methylation signals. 

However, a more plausible explanation for the observed sample impurities is the 
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substantial predominance of CLL B cells within the PBMCs. The excessive abundance 

of B cells likely hindered effective magnetic separation, resulting in contamination of the 

non-B cell fraction and obscuring their DNAm signatures. 

Nonetheless, one sample that drew my attention is sample 1459. As seen in 

Figure 1, Sample 1459 had cell proportions that only add up to less than 75% for both B 

and non-B cells. Although my presumptions about the missing cell type references 

applies to sample 1459, a considerable portion of the DNAm signal is unassigned led 

me to look into quality control checks, we investigated the percentage of live and dead 

cells from flow cytometry (i.e. cell viability) in sample 1459 compared to the other 

samples since high ratio of dead cells to live cells increases the chance of non-specific 

bindings and contaminate the sorted cell population. We found that sample 1459 has a 

live cell percentage of 81.40% and dead cell percentage of 1.05%, indicating a high cell 

viability. In comparison, one of the samples with relatively low unassigned DNAm 

signals, sample 392 has a live and dead cell percentage of 66.60% and 5.10%, 

respectively. In addition, collaborators in the Marshall laboratory independently 

identified sample 1459 as atypical in their immunophenotypic analyses, reporting the 

lowest T-cell counts in the cohort by far and a markedly skewed CD4 T-cell phenotype. 

In addition, we assessed the quality controls during DNAm preprocessing, such 

as sex prediction, which is one of the primary quality controls during DNAm age 

estimation and visualized quality control plots during the preprocessing of raw DNAm 

data with minfi. Sex prediction based on DNAm of sample 1459 aligns with the reported 

sex of the patient from whom the sample was extracted. Quality control plots also did 

not reveal any profound differences between sample 1459 with the rest of the samples. 
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Since the sample did not fail our quality control checks, we did not discard sample 1459 

however, the sample was subjected to further scrutiny in subsequent analysis.  

The finding that cell type proportions differ between B and non-B samples is 

crucial for adjusting cell composition in EWAS. Without such adjustments, observed 

differences in DNAm could be misinterpreted as within-cell type epigenetic alterations or 

disease-associated methylation changes, when they may actually reflect discrepancies 

in cell type composition. We have flow cytometry counts for B, CD4+T, and CD8+T 

cells, but lack direct measurements for other non-B cell subtypes, such as monocytes, 

neutrophils, and NK cells. In the absence of directly measured proportions for these 

non-B cell subtypes, the cell composition predicted by our tools will be integrated into 

the interpretation of the results, with the predicted cell proportions being used in the 

subsequent EWAS analysis. Nonetheless, some of the predictions yielded odd findings 

like proportions not summing up to one. Moreover, DNAm patterns can vary between 

populations due to disease-related factors. If a reference dataset is based on normal 

cell population as is the case for many deconvolution tools like Horvath and IDOL-

Salas, the accuracy of cell estimations for cancerous samples (e.g. CLL cells) may be 

impacted. As such, it is important to evaluate the accuracy of the tools used for 

estimating the B and non-B cell proportions. 

 

4.2.2 Predictive accuracy of cell-type composition by deconvolution tools 

 Accurate predictions of cell type composition help control for confounding 

variables, leading to more reliable associations between DNAm and traits of interest. 

Although the reliability of DNA methylation-based predictors of cell type proportions has 
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been well established in the literature, this may not necessarily apply to our samples, 

which are comprised of cancerous cells. Significant limitations arise when deconvolution 

tools are trained exclusively on normal cells, potentially impairing its cell type predictive 

capabilities in pathological contexts. This limitation is particularly pertinent given the 

complex nature of tumour microenvironments, which often exhibit altered cellular 

compositions and gene expression profiles compared to normal tissues.  

Here, we compared the accuracy of cell type proportion estimates derived from 

non-B cell DNAm data to their measured counterparts obtained by flow cytometry. 

Specifically, we evaluated estimates generated by two reference-based approaches: the 

Horvath clock and the IDOL algorithm using the Salas reference. The online DNAm age 

calculator by Horvath incorporates a supplementary function that estimates cell 

composition by using Houseman’s method of cell deconvolution as described earlier 

under Methods. The Houseman method uses leukocyte subtypes, including B cells, 

monocytes, granulocytes, natural killer cells, CD4+T and CD8+T cells, that were profiled 

from the 27K array as reference. 

Meanwhile, the IDOL algorithm utilizes the Houseman approach as framework 

for cell deconvolution, but feature selection techniques have been applied, which 

enhances the prediction of cell type proportions, especially in complex or 

heterogeneous samples. Additionally, IDOL uses an expanded reference library of 12 

leukocyte subtypes, which includes five cell types that Houseman uses. Improving upon 

the earlier Housman’s reference dataset, the Salas dataset has higher cell profile 

coverage (i.e. profiled 12 leukocytes as opposed to six) and offers more accurate cell-

type resolution (i.e. it can discern granulocytes into eosinophils and basophils. 
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Considering that more optimization processes are integrated into the IDOL-Salas 

algorithm compared to the Houseman method in Horvath’s online calculator in addition 

to more leukocyte subtype DNAm profiles, we expected to see more accurate cell type 

estimations with the IDOL and Salas’s method.  

 To test this, we compared the cell type proportions of CD4+T and CD8+T cells 

predicted by the IDOL algorithm using Salas’ reference library and the Houseman-

based cell type estimator featured in Horvath’s clock to the flow-cytometry measured 

CD4+T and CD8+T cell proportions as the reference.  

Our analysis shows a moderate correlation between the IDOL-Salas predicted 

proportions of CD4+T and CD8+T cells and their flow cytometry-measured counterparts 

(R = 0.61, p < 0.001 for both) (Figure 5). Similarly, the Horvath-predicted proportions 

exhibited a significantly moderate correlation with flow cytometry measurements (R = 

0.70, p < 0.001 for CD4+T; R = 0.71, p < 0.001 for CD8+T). These moderate yet 

significant associations suggest that both deconvolution tools accurately estimate 

CD4+T and CD8+T proportions in CLL non-B samples.  

However, contrary to our hypothesis, IDOL-Salas’s methods did not outperform 

Horvath as the latter showed a stronger correlation with measured values. This 

indicates that Houseman’s predictions align more closely with flow cytometry results. 

Nevertheless, the root mean square error (RMSE) values, which calculates the help 

magnitude of errors between predicted and measured cell proportions, were identical for 

both methods (RMSE = 0.27) across T cell types. This suggests that neither method 

was superior to the other. Our measurements, including R, p-value, RMSE, and trend, 

suggest that both deconvolution tools performed well, although not as optimally as 
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those reported in the literature, which typically show correlations of 0.84 to 0.9 and 

RMSE values of 0.07 to 0.19. However, it is important to note that these studies often 

used normal or non-diseased whole blood samples, unlike our CLL samples. Given that 

pathophysiological changes can influence cells and their methylation patterns, this could 

explain the differences in predictive performance between our regression model and 

those reported in the literature. 
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One interesting observation is that our deconvolution tools seem to 

underestimate the CD4+T and CD8+T proportions, as indicated by the predicted 

proportions being smaller than the measured proportions in Figure 6. There is no 

difference in the degree of underestimation between the Houseman and IDOL-Salas’ 

Figure 5. Comparison of DNA methylation-predicted and flow cytometry–measured 
CD4+ and CD8+ T-cell proportions. DNAm-based predictors of cell type composition 
underestimate the proportion of CD4+T and CD8+T cells in CLL cells. The accuracy of 
the predictors appears to differ between the T cell type and the proportion values. 
Purple line indicates the regression line after regressing the DNAm-predicted 
proportions of the T cells onto its flow-cytometry measured counterpart. Dotted green 
line indicates the optimal regression line if there is a one-to-one relationship between 
the predicted and measured proportions. RMSE means root mean square error. 
Significance is measured at p < 0.05. 
5 
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predictor tools when looking at either CD4+T cells and CD8+T cells. However, there 

were notable discrepancies between the predicted and measured cell proportions for 

CD4+T cells and CD8+ T cells. These differences may reflect limitations in methylation-

based deconvolution for estimating specific T-cell subsets but could also arise from 

technical factors affecting the flow cytometry measurements, including the issue of bead 

adherence to cells during separation. The average difference between the Houseman-

predicted and measured proportions of CD4+T is CD8+T cells are 0.33 and 0.19, 

respectively. Meanwhile, the average difference between the IDOL-Salas-predicted and 

measured proportions of CD4+T and CD8+T cells are 0.29 and 0.17, respectively. Under 

ideal conditions, differences between flow cytometry and deconvolution estimates would 

primarily reflect deconvolution prediction error. However, in this dataset, bead-based 

cell separation likely introduced additional compositional variability and may have 

affected the accuracy of flow cytometry measurements. As such, discrepancies 

between measured and predicted proportions likely reflect a combination of 

deconvolution error and measurement uncertainty and should be interpreted with 

caution. 
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 Our findings indicate that predictive errors are significantly higher when 

estimating CD4+ T cell proportions compared to CD8+ T cells, that is, CD8+ T cell 

estimates more closely matched their measured counterparts regardless of the 

deconvolution method used (Houseman or IDOL-Salas). The range of predictive errors 

for CD8+ T cells was 0.0016–0.41, while for CD4+ T cells, it ranged from 0.10–0.68. 

Figure 6. Compared to CD8+T cells, CD4+T cells exhibited greater difference 
between flow-cytometry measured and DNAm-based predictors of cell proportions. In 
addition, the differences between predicted and measured cell proportions on 
average were smaller in CD8+T cells compared to CD4+T cells, implying the 
accuracy of DNAm based cell type predictors varies by cell type. Significance is 
measured at p < 0.05. 
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This is rather surprising, considering we expected that IDOL-Salas method would yield 

less predictive errors. Overall, the differences in predictive errors between the CD4+T 

and CD8+T cells seem to imply that biological factors altering methylation patterns in 

CpGs involved in cell type estimation affect these cell types differently. Notably, since 

our T cells were derived from patients with CLL, this raises the question of whether the 

physiological changes associated with cancer are altering the methylation patterns that 

deconvolution algorithms rely on to estimate cell proportions.   

 

4.2.3 Influence of senescent cell proportions on the accuracy of cell type predictions 

So far, our comparisons reveal that that neither the cell type (CD4+ T vs. CD8+ 

T) nor the predictor tool (IDOL-Salas vs. Houseman) account for the variations in our 

predicted T cell proportions. In fact, our previous analysis suggests that the cancerous 

nature of our samples may influence the DNAm patterns measured by deconvolution 

algorithms, which in turn affects the accuracy of cell composition estimates by 

deconvolution methods, which are often trained in normal tissues.  

Differential DNAm patterns are not solely influenced by cell type but are also 

shaped by changes in the cellular environment resulting from physiological and 

pathological stressors such as cancer. In the following analysis, we shifted focus to 

explore the nature of our predicted T cell proportions and examine whether the 

accuracy (or inaccuracy) of these predictions is linked to cancer-related biological 

processes, particularly senescence.  

Here, we assessed the relationship between measured proportions of senescent 

markers CD28- and CD57+ and the predictive errors in the proportions of CD4+ and 
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CD8+ T cells, as measured by absolute residuals. In line with observations of 

senescence affecting DNAm patterns, we expected that there would be a significant 

correlation between the senescent T cell proportions and the magnitude of errors in the 

predicted cell proportion. Although our results refute that hypothesis, there were a few 

interesting findings as seen in Figure 7. 
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Figure 7. Relationship between senescent T-cell markers and deconvolution error 

in CD4+ and CD8+ T-cell proportion estimates. The influence of accumulating 

senescent cells on the accuracy of cell composition estimators is more 

pronounced in CD8+ T cells than in CD4+ T cells, highlighting cell type-specific 

effects. Absolute residuals refer to the difference between the predicted 

proportions of CD4+ T and CD8+ T cells (from the Horvath and IDOL-Salas 

models) and the proportions measured by flow cytometry. CD57+ and CD28- are 

senescent markers examined in the T cells. Significance is measured at p < 0.05. 
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In CD4+T cells, the proportion of cells with the senescence marker CD28- did not 

significantly correlate (R<0.01, p = 0.970 for Houseman; R=0.03, p=0.789 for IDOL-

Salas) with errors in the cell proportion prediction. Similar observations were made for 

the senescence marker CD57+ (R=-0.10, p = 0.454 for Horvath; R=-0.07, p=0.568 for 

Salas). The predictor tool used to derive the absolute residuals does not make a 

difference between Horvath and IDOL-Salas’ methods.  

However, in CD8+ T cells, there is a weak yet positive correlation (R=0.35, p = 

0.005 for Houseman R=0.36, p=0.004 for IDOL-Salas) between the proportion of cells 

with the senescence marker CD28-, and the magnitude of predictive errors. If we look 

into the proportion of senescent marker, CD57+, in CD8+T cells, we see that its 

correlation with predictive errors (i.e. absolute residuals) is stronger (R=0.51, p< < 0.001 

for Houseman; R =0.40, p = 0.001 for IDOL-Salas). While no differences in predictive 

error magnitude were observed between the two deconvolution methods for CD4⁺ T 

cells, Houseman-derived absolute residuals in CD8⁺ T cells showed a stronger 

relationship with CD8⁺ senescent T-cell proportions than with CD57⁺ senescent cell 

proportions. 

For comparison, we also examined the relationship between the measured 

proportions of naïve CD4⁺ and CD8⁺ T cells and the corresponding prediction errors in 

CD4⁺T and CD8⁺ T cell estimates. We hypothesized that prediction errors would 

decrease as the proportion of naïve T cells increased, given that naïve T cell levels 

typically decline with age, a process associated with the accumulation of senescent 

cells. Our findings suggest a weak inverse relationship between CD8⁺ T cell proportions 

and prediction errors, although the associations were not statistically significant 
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(Houseman: R = –0.16, p = 0.216; IDOL-Salas: R = –0.18, p = 0.152) as shown in 

Figure 8. No significant or meaningful association was observed between naïve CD4⁺ T 

cell proportions and their corresponding prediction errors by Horvath and IDOL-Salas. 

 

 

 

 

Overall, our findings imply two major takeaways. First, prediction accuracies of 

deconvolution methods differ by cell type. Senescence is more strongly related to the 

predictive errors by cell deconvolution methods in CD8+T cells whereas the relationship 

Figure 8. Relationship between naive CD8+ T-cell proportions and deconvolution 
prediction error. As the proportion of naive CD8+T cells increase, the errors in cell 
type estimators appears decrease, although the relationship is not significant.  
Absolute residuals refer to the predictive errors or the difference between the 
predicted proportions of CD4+ T and CD8+ T cells and their measured 
counterparts. Significance is measured as p < 0.05. 
 

 

Figure 9. Relationship between chronological age and DNA methylation age in B-
cell and non-B-cell fractions. DNA methylation age in non-B cells more 
strongly correlates with chronological age than with B cells, implying the two cell 
type groups are aging differently. Three different sets of DNAm age were calculated 
by three clocks: Horvath, Hannum, and PhenoAge. All three epigenetic clocks were 
trained in samples that include the cell types and age range of our CLL cohort. 
Dashed red lines indicates a perfect relationship between DNAm age and 
chronological age. Solid brown line indicates the regression line. Less frail is defined 
as CIRS score of less than 6. Frail is defined as CIRS of 6 or greater.Figure 8. 
Relationship between naive CD8+ T-cell proportions and deconvolution prediction 
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between the two is not pronounced in CD4+T cells. Second, the type of senescence 

marker does seem to have a slight moderating effect on the relationship between 

proportion of senescent cells and the predictive errors, but this effect is specific to 

certain cell types. In CD8+T cells, the relationship between senescent cell proportion 

and predictive error is stronger when senescence was defined using CD57+ rather than 

CD28-, suggesting that CD57+ marker is more strongly associated with the changes in 

the methylation patterns involved in cell proportion prediction. In contrast, this pattern 

was not observed in CD4+T cells, further supporting that senescence-associated 

markers may relate to predictive error in the same across T-cell lineages. 

These findings highlight that the influence of senescence on methylation-based 

cell proportion prediction is not uniform across cell types as evidenced by the distinct 

effects of CD28- and CD57+ markers. However, it is important to note that our study 

focused on only two senescent markers, while several others have been reported in the 

literature, indicating that further investigation is needed. 

 

4.3 Epigenetic age 

4.3.1 Epigenetic age calculation and epigenetic age acceleration 

Epigenetic age, determined by DNAm patterns at specific genomic sites, strongly 

correlates with chronological age and serves as a biomarker of biological aging. 

Deviations from expected epigenetic age, particularly when epigenetic age is higher 

than chronological age (i.e. epigenetic age acceleration), are linked to increased risks of 

age-related conditions, including cancer and mortality.  

In the context of our study, we hypothesized that CLL patients' epigenetic ages 

would exceed their chronological age, as previous research suggests cancer-related 
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DNA methylation alterations and epigenetic drift may contribute to this effect. If we want 

to be more specific, since CLL samples have been divided into B and non-B cells, I 

expected epigenetic age acceleration differences between these two groups, with the B 

cell samples exhibiting greater acceleration due to the malignancy's primary origin in B 

cells. 

 One important clinical feature of CLL relevant to our study is the comorbidity 

burden, which has been reported to adversely affect patient outcomes, treatment 

decisions, and overall survival. Many CLL patients, who tend to be diagnosed at 

advanced age, suffer from chronic conditions such as cardiovascular diseases and 

hypertension, which are associated with epigenetic age acceleration in younger and 

non-cancerous populations.  We hypothesized that CLL patients with a higher 

comorbidity burden would exhibit greater epigenetic age acceleration than individuals 

without CLL, even when comorbidities are present. Although the absence of normal 

control samples precluded a direct comparison with non-CLL individuals, we still 

expected that, within the CLL cohort, patients with more severe comorbidity burden 

(CIRS score ≥ 6) would demonstrate greater epigenetic age acceleration than those 

with lower comorbidity burden (CIRS score < 6). 

In our analysis, we observed a moderate and statistically significant positive 

correlation between DNAm age and chronological age in non-B cells (e.g. Horvath (r = 

0.46, p < 0.001), Hannum (r = 0.55, p < 0.001), PhenoAge (r = 0.48, p < 0.001) across 

all three chronological clocks. These findings indicate that the relationship between 

DNAm age and chronological age was more preserved in non-B cells than in B cells 

within our cohort (Figure 9). In contrast, the relatively weaker and non-significant 
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correlation between DNAm age and chronological age in B cells (e.g. Horvath (r = 0.24, 

p = 0.055), Hannum (r = 0.19, p = 0.139), suggesting a less consistent linear 

relationship and that there is no evidence to support a reliable relationship between the 

two. The only significant correlation between chronological age and DNAm age is one 

where the latter is measured by PhenoAge (r = 0.28, p = 0.026).  

We also observed relatively low variability between DNAm age and chronological 

age in our non-B cell samples, as evidenced by the data points clustering tightly around 

the regression line. In contrast, B cells exhibited a greater spread of data points away 

from the regression line, some of which can be seen as having a higher DNAm age than 

their chronological age. This means that the B cells of some of the CLL patients are 

aging at a faster rate than their actual or chronological age. No significant differences 

were observed among the three epigenetic clocks in the relationship between DNAm 

age and chronological age within cell groups. In non-B cells, the correlations between 

chronological age and DNAm age derived from the three clocks are all positive and 

significant. However, when ranking the correlation coefficients by strength, Hannum 

clock ranks first, followed by Horvath, and PhenoAge, in that order. In B cells, the 

association between DNAm age and chronological age is weaker compared to non-B 

cells and are non-significant regardless of the epigenetic clock used to derive DNAm 

age.  
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Although the differences in correlation metrics may be driven by variations 

between cell groups (B versus non-B cell groups), there are noticeable distinctions 

Figure 9. Relationship between chronological age and DNA methylation age in B-cell 
and non-B-cell fractions. DNA methylation age in non-B cells more strongly 
correlates with chronological age than with B cells, implying the two cell type groups 
are aging differently. Three different sets of DNAm age were calculated by three 
clocks: Horvath, Hannum, and PhenoAge. All three epigenetic clocks were trained in 
samples that include the cell types and age range of our CLL cohort. Dashed red lines 
indicates a perfect relationship between DNAm age and chronological age. Solid 
brown line indicates the regression line. Less frail is defined as CIRS score of less 
than 6. Frail is defined as CIRS of 6 or greater. 
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between the epigenetic clocks regarding how closely the estimated or predicted DNAm 

age matches chronological age. The DNAm ages of non-B cells derived from the 

Hannum clock most closely match their chronological age counterparts, as shown by 

the regression line's near alignment with the one-to-one relationship line. This is 

followed closely by the Horvath clock, in which the regression line moves towards the 

one-to-one line as the non-B cells age. PhenoAge also follows this pattern of DNAm 

age getting closer to its chronological age, but most of the non-B cells had higher 

DNAm age than their chronological age  

In summary, our results highlight distinct DNA methylation age patterns between 

malignant B cells and non-malignant non-B cells in CLL patients, underscoring the 

importance of cell type and specific analysis in heterogeneous samples. Notably, DNAm 

age tracked more closely with chronological age in non-B cells, while this relationship 

was weaker in CLL B cells across all three clocks. This discrepancy suggests that the 

malignant state of B cells may disrupt normal age-related methylation changes, 

reflecting cancer-associated reprogramming of the epigenome. While DNAm age 

provides a snapshot of the biological aging state of each cell population, further analysis 

using age acceleration metrics may offer deeper insights into how cancer affects 

epigenetic aging in CLL, and how this may relate to clinical outcomes such as treatment 

response and prognosis. 
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4.3.2 Association between epigenetic age acceleration and CLL risk factors (comorbidity 

burden, sex, and smoking history) 

Epigenetic age alone does not inform us of the rate at which the sample is aging 

biologically compared to its chronological age. On the other hand, epigenetic age 

acceleration (EAA), when DNAm age is greater than chronological age, has been 

associated with a variety of adverse health conditions. A person with accelerated 

epigenetic aging might be at greater risk for developing age-related diseases earlier 

than expected including cardiovascular disease, cancer, diabetes, and 

neurodegenerative diseases, thus making EAA more informative of disease risks and 

other health complications. 

For the following analysis, we conducted t-tests to examine the difference in age 

acceleration between B and non-B cells and whether those differences are stratified by 

various clinically relevant variables that can influence risk, prognosis, and treatment of 

CLL. We looked into seven risk factors in CLL that have been divided into two sets: 

prognostic and non-prognostic set of variables. First, we examined the non-prognostic 

variables such as sex, comorbidity burden, and smoking history. We expect the male 

patients, those with a high comorbidity burden or CIRS score of 6 or greater, and 

patients who had a history of smoking would exhibit greater age acceleration. These 

factors have been linked to poorer health outcomes. Notably, the incidence of CLL is 

higher in men, with a male-to-female ratio of 2:1. Comorbidities are prevalent among 

CLL patients and some of the common ones include cardiovascular diseases and 

diabetes, both of which have been significantly linked to age acceleration. Meanwhile, 

smoking has been found to accelerate the aging of multiple tissues. Similar to our 
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previous expectations, we also anticipate differences in EAA across cell types, and that 

these differences will vary depending on the epigenetic clock used. Given that 

epigenetic ages were derived from the Horvath, Hannum, and PhenoAge clocks, each 

sample has three corresponding EAA estimates. 

Our results demonstrated no significant differences in age acceleration between 

the following groups: high (CIRS >=6) and low (CIRS <6) comorbidity burden groups 

(Figure 10 top panel), male and female CLL patients (Figure 10 middle panel), and 

individuals with a smoking history compared to those without (Figure 10 bottom panel). 

Regardless of whether B or non-B cells were examined, these findings suggest that 

comorbidity burden, sex, and smoking history do not influence the DNAm patterns 

associated with age prediction in these cell types. Despite the absence of EAA 

differences between dichotomized groups on non-prognostic CLL risk factors, contrary 

to our initial expectations, DNAm pattern disparities between B and non-B cells persist.  

Notably, the EAA values in non-B cells were relatively uniform, exhibiting a 

narrower range, whereas B cells showed a substantially wider spread in EAA values. 

This broader variability among B cells suggests that their cancerous nature in CLL 

patients may have a more pronounced and heterogenous effect on epigenetic aging of 

these cells, accelerating it in some patients while appearing decelerated in others. Both 

PhenoAge and Horvath clocks detected substantial variability in age acceleration 

between B and non-B cells. In contrast, Hannum clock-derived age acceleration showed 

more subtle variation between B and non-B cells compared to the other two clocks. 

This analysis demonstrates that non-prognostic CLL variables, including sex, 

comorbidity burden, and smoking history, have minimal to no impact on the aging of B 
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and non-B cells in CLL patients. Consequently, we now shift our focus to the prognostic 

CLL variables to investigate whether these factors influence the rate of aging in the B 

and non-B cells of CLL patients. 
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* 

Figure 10. Influence of sex, comorbidity burden, and smoking history on age 
acceleration in B and non-B cells of CLL patients. The male sex, high comorbidity 
burden, and history of smoking do not significantly influence the rate of aging in B 
and non-B cells in CLL patients. Comorbidity burden refers to the CIRS score of CLL 
patients, with CIRS of 6 or greater is considered high comorbidity burden and CIRS 
below 6 is considered low burden. Smoking history encompasses patients who 
reported to be current smokers at the time of CLL diagnosis or previously smoked at 
some point in their life before CLL diagnosis. Age acceleration was calculated from 
Horvath, Hannum, and PhenoAge clocks. Dichotomized group differences were 
assessed with a t-test. P value > 0.05 is considered significant. 
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4.2.3 Association between epigenetic age acceleration and CLL risk factors (IGHV 

mutation, p53 expression, Zap-70 expression, and CD38+ level of expression) 

Although our data do not support the influence of comorbidity burden or smoking 

history on DNAm patterns for age prediction, known prognostic markers of CLL emerge 

as potential candidates that could explain variation in DNAm patterns linked to age 

acceleration. Four markers were examined, including IGHV mutation status (e.g., 

unmutated vs. mutated), P53 mutation status (e.g., present vs. absent), CD38+ 

expression (e.g., ≥20% vs. <20%), and ZAP-70 expression (e.g., negative vs. positive). 

Unmutated IGHV, mutated P53, 20% expression of CD38+, and positive expression of 

Zap-70 are associated with poorer outcomes in CLL patients. Since the literature 

indicates that several adverse health outcomes are associated with age acceleration, 

we hypothesized that poor prognostic markers in CLL would also associate with age 

acceleration. Among the four markers examined, IGHV and P53 mutation status are the 

most informative in predicting CLL treatment outcomes and disease aggressiveness. 

Therefore, we anticipated that age acceleration would be more pronounced and 

significant in relation to these two markers compared to CD38+ and ZAP-70 expression. 

To test our hypotheses, we conducted twelve t-tests similar to the one we performed 

with comorbidity burden and history of smoking. In addition to age acceleration 

comparisons between adverse and less adverse prognostic markers, we also compared 

age acceleration between cell types (B and non-B cells), and chronological epigenetic 

clocks (Hannum, Horvath, and PhenoAge).  



 89 

 

* 

 

 

* 

 

 

* 

 

 

* 

 

* 

 

 

F

i

g

u

r

e 

1

2

. 

C

o

m

p

a

r

i

s

o

n 

o

f 

*  
 

Fi

g

ur

e 

11

. 

C

o

m

p

ar

is

o

n 

of 

e

pi

g

e

n

eti

c 

*  

Figure 11. Comparison of epigenetic age between IGHV/ZAP-70 molecular subgroups 

in CLL B cells. B cells that have mutated IGHV gene and negative Zap-70 expression 

are epigenetically older compared to B cells with unmutated IGHV gene and positive 

Zap-70 expression. Each panel refers. * indicates statistical significance of p < 0.05. 
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Our analysis revealed that the age acceleration difference between unmutated 

and mutated IGHV mutation status meets the significance threshold in B cells (p = 

0.031). Furthermore, the age acceleration difference between the negative and positive 

Zap-70 expression is significant (p = 0.017) in B cells. The age acceleration in both of 

these cases were derived from the Hannum clock. In particular, mutated IGHV and 

negative Zap-70 expression have greater age acceleration than unmutated IGHV and 

positive Zap-70 expression, respectively. Age acceleration differences between 

negative and positive p53 expression and between 20% or more expression of CD38+ 

and less than 20% were not significant, regardless of the cell type and epigenetic clock 

used. 

In contrast to the previous age acceleration analysis involving sex, comorbidity 

burden, and smoking history, our findings suggest that the choice of epigenetic clock 

plays a role in detecting differences in age acceleration between adverse and less 

adverse prognostic markers. Among the three clocks used, only Hannum yielded 

significant results, highlighting the influence of clock selection on the observed 

associations.  

Overall, our findings suggested that B cells from CLL patients with mutated IGHV 

seem to age faster according to the Hannum clock. This finding was unexpected, as we 

initially hypothesized that unmutated IGHV, typically associated with a poorer prognosis, 

would show greater age acceleration. However, this association was observed only with 

the Hannum clock and was not replicated in the other two epigenetic clocks. Similarly, 

we found that CLL patients with negative ZAP-70 expression had significantly greater 

age acceleration than those with positive ZAP-70 expression, but again, this result was 



 91 

only significant when using the Hannum clock. These unexpected results seem to imply 

that relationship between age acceleration and markers of poor prognosis is not always 

consistent, highlighting how aging in relation to adverse health outcomes is complex.  

Contrary to our hypothesis, the CLL B cells did not consistently show accelerated 

aging among patients with poorer prognostic indicators. In some cases, individuals with 

unfavorable prognostic features even exhibited slower epigenetic aging compared to 

those with more favorable profiles. This paradox highlights the complex and sometimes 

counterintuitive ways in which CLL may influence biological aging, particularly within the 

malignant B cell population. 

In contrast, P53 mutation status and CD38+ expression (≥20%) did not show 

significant differences in age acceleration in either B cells or non-B cells. Moreover, 

neither the choice of epigenetic clock nor the cell type used in these comparisons had a 

significant effect on the observed differences in age acceleration for P53 or CD38+ 

expression, implying that P53 mutation status and CD38+ expression do not strongly 

influence the DNAm aging signals captured by epigenetic clocks. 

The fact that only the Hannum clock yielded significant results further supports 

the notion that associations between prognostic markers and age acceleration are also 

clock-dependent. Since different epigenetic clocks capture different aspects of biological 

aging, it is worth considering other types of epigenetic clocks to clarify the relationship 

between poor prognostic outcomes and changes in age-dependent DNAm patterns. So 

far, we examined chronological clocks that focuses on DNAm changes that correlate  

with chronological age. One specific type of epigenetic clock that we seek to explore 

focuses is the mitotic clock, which estimates age based on the DNAm changes that  
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accumulate as a result of a cell’s replicative history.  

 

4.2.4 Association between epigenetic age acceleration and CLL risk factors (IGHV 

mutation, p53 expression, Zap-70 expression, and CD38+ level of expression) 

Mitotic clocks measure the accumulation of DNAm changes over time as a result 

of mitotic divisions. In rapidly dividing cells, such as cancer cells, these changes may be 

more pronounced and result in malignant transformations. By examining mitotic clocks, 

researchers can track how this shift occurs and understand how it may contribute to 

CLL's progression or poor treatment response. In this analysis, we focused on EpiTOC 

clock, which yields a score, pcgtAge, that reflects the cumulative increase in DNAm in 

the polycomb group target (pcgt) promoter CpGs, as a result of cell replication errors 

over time. PCGTs are typically unmethylated in many fetal tissues. Higher scores of 

pcgtAge, indicative of greater methylation errors due to increased mitotic activity, has 

been associated with accelerated aging in several solid tumors and is said to be 

predictive of cancer risk in precancerous tissues. We hypothesized that similar 

observations would be seen with our CLL samples in that we expected that pcgtAge 

scores would be higher in all seven CLL markers (the male sex, high comorbidity 

burden, smoking history, unmutated IGHV, negative P53 expression, positive Zap-70 

expression, 20% or more CD38+ expression) that are associated with more aggressive 

CLL course and higher proliferation rates. We also expected differences in pcgtAge 

scores between B and non-B cells would be apparent and significant. To test our 

hypothesis, we conducted t-tests on seven dichotomized risk factors of CLL. 
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What we found is that there is that CLL patients with mutated IGHV exhibit 

greater pcgtAge score in B cells compared to those with unmutated IGHV (p = 0.0029) 

as shown in Figure 12. Another significant finding is that CLL patients with a negative 

Zap-70 expression also exhibit greater pcgtAge scores in B cells than those with 

positive Zap-70 expression (p = 0.0023). Meanwhile, there is no significant difference in 

pcgtAge scores between dichotomized groups of sex, comorbidity burden, smoking 

history, p53 expression, and CD38+ expression. 

Our expectation that pcgtAge scores would be profound and significant between 

B and non-B cells have been met. B cells exhibit greater pcgtAge scores compared to 

non-B cells, lending support to the presumption that primary malignant cells in CLL, the 

B cells, exhibit DNAm changes that are associated with greater risk of developing the 

disease. Despite the significant difference in cancer risk attributed cell types, this was 

not replicated when comparing other CLL risk factors. 

Similar to our results with age acceleration using the three chronological clocks, 

our findings do not support our hypothesis that seven CLL risk factors would have 

greater pcgtAge scores. Notably, IGHV-unmutated and ZAP-70–positive cases 

exhibited lower pcgtAge than IGHV-mutated and ZAP-70–negative cases. Because 

pcgtAge is derived from DNA methylation levels at PCGT promoter CpGs and was 

developed to capture a replication or cell turnover-linked methylation drift signal, this 

finding suggests that pcgtAge do not map straightforwardly onto conventional CLL 

prognostic risk groupings. One plausible interpretation is that pcgtAge in CLL B cells is 

influenced by maturation-linked epigenetic subtype differences described in CLL 

methylome studies where cases fall along a normal B-cell maturation continuum from 
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naïve-like to memory-like states260,261. Under this framework, IGHV-mutated (memory-

like) and IGHV-unmutated (naïve-like) CLL can differ in baseline methylation programs 

carried from their developmental context260,261. If methylation at PCGT promoter CpGs 

contributing to pcgtAge differ with maturation state, then it is possible that pcgtAge may 

differ between IGHV-defined subtypes for reasons related to epigenetic subtype-

associated methylation differences. However, this would need to be tested directly. 

Future analyses should test this directly by examining whether the individual PCGT 

promoter CpGs used to compute pcgtAge show differential methylation by IGHV and 

ZAP-70 subtype and whether IGHV-associated differentially methylated sites are 

enriched among the epiTOC PCGT CpG set. In summary, five of the CLL risk factors 

(the male sex, high comorbidity burden, smoking history, negative TP53 expression, 

and 20% or more CD38+ expression) do not significantly influence the DNAm changes 

in CLL cells that reflect the methylation maintenance errors during replication, while two 

of the CLL risk factors (unmutated IGHV and positive Zap-70 expression) appear to 

exhibit DNAm patterns changes associated with decreased cell proliferation in several 

cancer cells. On the other hand, cells of CLL patients appear to exhibit DNAm patterns 

in line with what is seen in cancer cells (i.e. rapidly proliferating cells), regardless of the 

prognostic markers. 
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Figure 12. Comparison of pcgtAge between IGHV/ZAP-70 molecular subgroups in CLL B 

cells. B cells that have mutated IGHV gene and negative Zap-60 expression are 

epigenetically older compared to B cells with unmutated IGHV gene and positive Zap-70 

expression. Each panel refers. * indicates statistical significance of p < 0.05. 

 

* 

* 
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4.2.5 Association between epigenetic age acceleration and senescent cell proportion 

 Aging is accompanied by profound immunological remodeling, including the 

gradual accumulation of senescent T cells that exhibit altered function, impaired 

proliferative capacity, and pro-inflammatory secretory profiles. At the molecular level, 

these processes parallel changes in the epigenome, where DNA methylation patterns 

progressively drift from their youthful state. Epigenetic clocks such as those developed 

by Hannum, Horvath, and Levine (PhenoAge) quantify this drift and generate measures 

of epigenetic age acceleration, capturing the degree to which an individual appears 

epigenetically older, or younger, than expected from their chronological age. Because 

immunosenescence is a hallmark of biological aging, we hypothesized that individuals 

with higher epigenetic age acceleration would also exhibit a greater proportion of 

senescent T-cell phenotypes. In this study, we therefore examined the relationship 

between established epigenetic clock–derived age acceleration metrics and T-cell 

senescence markers, reasoning that a divergence between chronological and 

epigenetic age would parallel an increased burden of senescent immune cells and 

reflect broader systemic aging dynamics. 

Despite our initial hypothesis, no significant associations were observed between 

epigenetic age acceleration in non-B cells and the proportion of senescent T-cell 

subsets, irrespective of whether age acceleration was derived from B-cell or non-B–cell 

methylation profiles (Figure 13-14). This lack of correlation suggests that epigenetic age 

acceleration and T-cell senescence may reflect distinct biological processes, rather than 

tightly coupled manifestations of a unified aging axis. In other words, age-related 

methylation drift captured by clocks such as Hannum, Horvath, and PhenoAge does not 
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appear to be the primary driver of senescent T-cell accumulation, implying that immune 

senescence in CLL may be shaped more strongly by disease-specific factors, 

microenvironmental stressors, or chronic antigenic stimulation rather than systemic 

epigenetic aging alone.  
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Figure 13. Association between non-B-cell age acceleration and proportions of 

senescent T cells. No significant association between age acceleration in non-B and 

senescent T cell proportions were found. Pearson correlation coefficients (R) and 

corresponding p-values are shown for each relationship. Statistical significance is 

defined as p < 0.05. 
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Figure 14. Association between B-cell age acceleration and proportions of senescent T 
cells. Age acceleration in B cells is not significantly influenced by the proportion of 
senescent markers, CD28- and CD57+. Pearson correlation coefficients (R) and 
corresponding p-values are shown for each relationship. Statistical significance is 
defined as p < 0.05. defined as p < 0.05. 
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In contrast, when examining DNA methylation-based cancer risk using pcgtAge 

in non-B cells, we observed statistically significant positive associations with both CD4+ 

senescent T-cell proportions (Figure 15). (CD28−: r = 0.33, p = 0.0084; CD57+: r = 0.32, 

p = 0.011) and CD8+ senescent T-cell proportions (CD28−: r = 0.38, p = 0.0025; CD57+: 

r = 0.35, p = 0.0051). Corresponding associations using B-cell-derived pcgtAge were 

weaker and did not reach statistical significance in this cohort (CD4+CD28−: r = 0.18, p = 

0.15; CD4+CD57+: r = 0.24, p = 0.052; CD8+CD28−: r = 0.081, p = 0.53; CD8+CD57+: r = 

0.15, p = 0.24). Collectively, these patterns suggest that methylation alterations linked to 

polycomb-regulated cancer risk in non-B hematopoietic compartments may be more 

closely intertwined with systemic immune aging, particularly T-cell senescence, than 

conventional epigenetic clocks. 
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Figure 15. Association between senescent T-cell proportions and pcgtAge in B and 

non-B cells. Increased proportions of senescent T cells are more strongly correlated 

with DNA methylation changes associated with cancer risk, as measured by pcgtAge, 

in non-B cells of CLL patients compared to their B cells. Pearson correlation 

coefficients (R) and corresponding p-values are shown for each relationship. 

Statistical significance is defined as p < 0.05. 
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4.3 Epigenome-wide association study 

To examine whether comorbidity burden was associated with altered DNA 

methylation in the non-B cell fraction of CLL patients, we compared patients with high 

versus low comorbidity burden across the epigenome. Overall, the EWAS showed a 

largely null pattern, with only a small subset of CpG sites standing out against the 

background distribution. Thirty-six CpG sites showed more than a 1% methylation 

difference (|Δβ| ≥ 0.01) between the high and low comorbidity groups and met the 

nominal threshold of p < 1 × 10⁻⁵, while 9 of these exceeded the more stringent 

threshold of p < 1 × 10⁻⁶ (Figure 16). These findings indicate that only a limited number 

of loci showed measurable methylation differences associated with comorbidity burden, 

and that these differences were modest in magnitude. The signals were observed in 

both directions, with 20 CpGs showing higher methylation and 16 showing lower 

methylation in patients with higher comorbidity burden, indicating no consistent global 

shift toward either hypermethylation or hypomethylation. These loci mapped to multiple 

genes, including FAM133B/FAM133DP, PTPRU, LHX1, GNAQ, CBS, and SENP5, while 

some had no clear gene annotation (Table 3). However, no CpG sites remained 

significant after multiple testing correction (0 CpGs with FDR < 0.05). This indicates 

that, although several loci showed suggestive nominal signals, none met the threshold 

for statistically robust epigenome-wide significance after accounting for the large 

number of CpG sites tested. Taken together, these results suggest that higher 

comorbidity burden in CLL patients is associated with subtle, localized methylation 

differences in non-B cells, rather than widespread remodeling of the methylome. 
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Figure 16. Volcano plot of EWAS results for comorbidity burden in non-B cells. 

36 CpG sites that met the volcano plot highlighting criteria of nominal p < 1 × 10⁻⁵  (6 

of which met the threshold of p < 1 × 10⁻6) and absolute methylation difference |Δβ| ≥ 

0.01. Positive Δβ values indicate higher methylation in patients with high comorbidity 

burden compared to patients with low comorbidity burden, whereas negative Δβ 

values indicate lower methylation. Purple points indicate CpGs with lower methylation 

in the high comorbidity group, while green points indicate CpGs with higher 

methylation. Dashed lines denote significance thresholds, with the horizontal line 

representing p = 1 × 10⁻⁵ and vertical lines representing Δβ = −0.01 and 0.01. Labeled 

points correspond to CpG sites exceeding both thresholds. 
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Figure 17. Manhattan plot of EWAS results for comorbidity burden in non-B cells. Significant CpG sites are sparsely 

distributed across the genome, with the strongest association observed at cg23639433. Additional signals are 

observed on chromosomes 1, 5, 9, 13, 16, and 22, although no clear clustering of signals is evident within a single 

genomic region. The dashed horizontal line indicates a nominal significance threshold of FDR-adjusted p-value < 

0.05). 
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Table 3. CpG sites highlighted in the volcano plot from the EWAS of comorbidity burden in non-B cells from CLL patients. 

CpG Chromoso
me 

Genomi
c 
Position 

Methylatio
n 
Difference 

P 
value 

FDR Mapped Gene 

cg23639433 7 92207069 0.01741542 4.98E-09 0.00339093 FAM133B 

cg01363648 1 29589154 -0.0649215 4.38E-08 0.01124131 PTPRU; 

cg04976759 13 112669393 -0.1085182 4.95E-08 0.01124131 
 

cg02633371 17 35298618 -0.1442301 9.56E-08 0.0133816 LHX1 

cg21173524 1 149144820 -0.0894076 9.82E-08 0.0133816 
 

cg27534083 5 54515036 0.07028218 1.36E-07 0.01361007 
 

cg26028005 9 80378603 0.04599594 1.40E-07 0.01361007 GNAQ 

cg22899559 21 44483554 -0.1340723 3.62E-07 0.0308314 CBS 

cg08370082 3 196616876 0.02239674 8.66E-07 0.06555699 SENP5 

cg07022764 14 104569519 0.09081687 1.02E-06 0.06930412 ASPG 

cg24885828 5 91997234 0.02962542 1.51E-06 0.08720556 
 

cg09485707 12 56222623 0.08350003 1.54E-06 0.08720556 TMEM198B 

cg11383850 17 47209546 -0.0949589 1.67E-06 0.08729825 B4GALNT2 

cg02871615 10 61824717 0.02933922 1.87E-06 0.09074693 ANK3 

cg17483598 12 10538268 0.07991262 2.14E-06 0.09160907 LOC101928100; KLRK1; 
KLRC4-KLRK1 

cg09844354 21 35212282 0.05448239 2.15E-06 0.09160907 ITSN1 

cg17292100 8 101250595 0.06048006 2.65E-06 0.10142522 SPAG1 

cg00915818 4 165875543 -0.0830028 2.68E-06 0.10142522 
 

cg03742250 17 74550235 -0.1067687 3.41E-06 0.12223888 
 

cg04305977 16 72211722 0.0851609 3.90E-06 0.13295437 
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cg14468055 9 136003437 -0.0607697 4.48E-06 0.14300466 RALGDS 

cg24322161 5 56214362 -0.0394573 4.62E-06 0.14300466 SETD9 

cg05811998 11 22480945 -0.0529179 5.00E-06 0.14669978 LINC01495 

cg23161350 4 66655798 0.05257632 5.17E-06 0.14669978 
 

cg20260841 4 56420110 0.11393522 5.38E-06 0.14669978 
 

cg17803298 19 46849276 -0.0171437 5.90E-06 0.15356782 PPP5C 

cg25637390 3 66474569 0.08355251 6.13E-06 0.15356782 LRIG1 

cg02757152 2 73485819 0.06823909 6.31E-06 0.15356782 FBXO41 

cg04645031 6 96913503 0.1199559 6.62E-06 0.1554678 
 

cg20546265 11 118892438 0.03698768 7.25E-06 0.16269504 TRAPPC4 

cg27131663 6 27806196 -0.0418705 7.40E-06 0.16269504 HIST1H2BN; HIST1H2AK 

cg14634089 19 36302777 -0.0764273 7.67E-06 0.16333265 PRODH2 

cg24431141 2 47126073 -0.0554252 8.60E-06 0.17331235 
 

cg10862431 12 63544783 0.08354785 8.65E-06 0.17331235 AVPR1A 

cg02890529 X 70335118 0.02511697 9.27E-06 0.18044726 
 

cg13431910 2 127834822 -0.0262944 1.00E-05 0.18306502 BIN1; 
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5. Discussion 

5.1. Refining the definition of frailty in CLL remains essential 

In this project, we compared age-associated DNAm patterns in CLL patients with 

high and low comorbidity to help elucidate the biological basis linking frailty, using 

comorbidity as a proxy. Our results suggested that age-associated DNAm, as captured 

by epigenetic clocks, are not influenced by the comorbidity burden status of CLL 

patients. When we initiated this investigation, we hypothesized that higher comorbidity 

burden would be associated with accelerated epigenetic aging, based on numerous 

studies linking epigenetic age acceleration to age-related morbidities and cancer 

outcomes in population-based cohorts and solid tumor-focused analyses. Although a 

smaller number of studies have examined hematologic malignancies, mostly acute 

myeloid leukemia and acute lymphoblastic leukemia, the relationship between 

epigenetic aging and CLL has not been systematically evaluated106,254. 

For instance, a study by Jain et al., demonstrated that higher accelerated aging, 

quantified by the Horvath clock, is associated with a greater number of chronic 

diseases, such as diabetes and lung disease, in the whole blood of older women aged 

90 and above235. This relationship is further supported by another study using a diverse 

cohort, which included both men and women aged 60 and above, as well as studies 

involving cancer populations. Head and neck cancer patients, ranging from 37 to 96 

years of age, were found to exhibit higher age acceleration, quantified by the Horvath, 

Hannum, and PhenoAge clocks, in their leukocytes that are associated with 

comorbidities beyond cancer such as cardiovascular disease and diabetes217. 

Despite similarities between the cited literature and our study, including the 

epigenetic clocks used to estimate age acceleration and a comparable age range of 
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CLL patients, we did not observe a robust association between epigenetic age 

acceleration and comorbidity burden in our cohort. There were some nominal signals, 

however given documented technical issues. One methodological consideration is 

sample purity. Technical limitations during bead-based magnetic separation may have 

reduced the efficiency of B-cell and non-B-cell fractionation in some samples. In 

particular, the non-B-cell fraction contained residual B cells in varying proportions, which 

could have introduced additional heterogeneity into the DNAm profiles and influenced 

DNAm-based clock estimates and their associations with clinical variables. Given that 

DNAm-based clock outputs and downstream associations can be sensitive to immune 

cell composition, this difference in sample type could influence epigenetic age estimates 

and their associations with clinical variables.  

Additionally, variation in how comorbidity burden is defined and measured across 

studies may further contribute to the lack of concordance in observed associations. Jain 

et al.'s assessment of multimorbidity was based on the number of self-reported chronic 

conditions within the cohort. The conditions were limited to a set of 12 that are most 

prevalent among older women, including cardiovascular disease, cancer, cognitive 

impairment, depression, osteoarthritis, history of falls, chronic obstructive pulmonary 

disease, hypertension, diabetes, hip fracture, and cerebrovascular disease. Similarly, 

the study that used diverse cohorts quantifies comorbidities from the self-reports of 

diabetes, heart disease, stroke, chronic lung disease, and non-skin cancers235. These 

conditions were included in a composite measure of multimorbidity that range from 0 to 

5. Meanwhile, the authors of the head and neck cancer patient studies used the 

Charlson comorbidity index, which assessed patients on 17 comorbidity categories with 
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associated weights based on adjusted mortality risk217. The sum of all these weights 

results in a single comorbidity score. The higher the score, the more comorbidities the 

patient has and the higher the risk of mortality. 

On the other hand, our study used CIRS which quantifies the severity of 

impairments in each of the 14 organ systems in a five-point scale. Unlike the 

comorbidity measures of the described literature which focuses only on the presence or 

absence of select medical diagnosis, CIRS employs a more comprehensive and 

systematic way of evaluating comorbidity by taking into account various conditions that 

burden each body system. For example, a patient does not necessarily have to be 

diagnosed with congestive heart failure to be labelled with comorbidity, but if they 

present occasional chest pain symptoms, this will be accounted for in CIRS. 

The differences in population characteristics and the methods used to assess 

comorbidities may partially explain why our results did not align with expectations. 

Another potential factor contributing to the null findings is the composite nature of the 

CIRS, which underlies the dichotomous classification of comorbidity burden. The CIRS 

aggregates health ratings across 14 organ systems into a single score, providing a 

broad, holistic measure of overall health. While this approach captures general 

comorbidity burden, it may obscure the influence of specific conditions more directly 

linked to epigenetic aging.  

It is widely utilized in clinical settings to guide treatment decisions for CLL 

patients, with a score of 6 or higher indicating a high comorbidity burden. A key 

challenge in using CIRS is the difficulty in determining the relative contribution of each 
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component to the overall score. In the case of the CIRS, the question arises as to which 

specific body systems contribute most to the overall score. 

Given the extensive data encompassed within the CIRS scoring tool, it may be 

worth performing multiple correlation analyses to identify the most influential 

components of CIRS in relation to age acceleration. One organ system measured in the 

CIRS that warrants particular attention is the vascular system, due to its relevance to 

epigenetic aging. Hypertension, a key condition assessed in the vascular component of 

the CIRS, is one of the most common comorbidities among CLL patient cohorts, with 

reported prevalence rates ranging from 40% to 70%236,237. In addition, several studies 

have linked cardiovascular diseases, including hypertension, to epigenetic age 

acceleration238,239. As such, future research can benefit from performing an ordinal 

logistic regression model that compares the vascular system severity scores with EAA, 

which will help determine if said organ system dysfunction is strongly linked with EAA. 

Where sufficient data on the assessment of different organ system impairments in CLL 

patients is available, logistic regression models can be applied. 

However, conducting these analyses will require a sufficiently large sample size 

to ensure adequate statistical power and stable estimation of the relationships between 

age acceleration and the CIRS components. Unfortunately, comprehensive clinical data 

required to determine CIRS is not readily accessible. For our study, we have no access 

to the comprehensive assessment of the patient’s comorbidities used to determine the 

CIRS score, which has its own ethical and legal considerations. Additionally, obtaining 

DNAm data is resource-intensive from obtaining blood samples from CLL patients, to 

purifying them to B and non-B cells to generating DNAm data. For these reasons, our 
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initial sample size was set at 64; however, only 62 samples passed the DNAm data 

quality checks. Given that several of the correlation analyses yielded non-significant 

results, it is plausible that the effect of comorbidity burden may be too small to detect 

with the current sample size, despite the cancer context240. Unless other ways to obtain 

more CLL patient samples become feasible, we will have to explore other avenues for 

improving the study. 

In addition to the challenges presented by the composite nature of CIRS when it 

comes to interpreting our project’s results, CIRS as a measure of comorbidity burden is 

not a validated measure of frailty, rather it is a proxy measure of frailty. Frailty, along 

with age, is a key determinant of patient fitness for certain CLL treatments, such as FCR 

that may exclude frail patients over 65. Comprehensive geriatric assessments are 

complex and time-consuming, making CIRS a quicker alternative. Since comorbidity 

and frailty often co-occur in older patients and both predict treatment outcomes in CLL, 

comorbidity is used as a proxy for frailty in treatment assessments. If one wishes to 

explore the relationship between EAA and frailty, rather than comorbidity, using a 

validated frailty measure such as the frailty index may be of interest like the Fried Frailty 

Criteria241and FRAIL Scale Score. Recently published papers have reported that higher 

scores of frailty is associated with increasing age acceleration in older individuals. The 

relationship between validated frailty scores and age acceleration has not been 

explored in patients with CLL, presenting an exciting avenue for future research. 
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5.2. Disrupted epigenetic aging in CLL reflects cancer-driven methylation 

reprogramming 

Differences in epigenetic age and acceleration between B cells and non-B cells 

in CLL likely reflect a combination of factors intrinsic to the malignant transformation of 

B cells. Given that CLL is a malignancy of B cells, it is not surprising that the epigenetic 

clocks based on DNAm exhibit sensitivity to both cell lineage and transformation events. 

The disruption of normal age-associated DNAm patterns in CLL suggests a complex 

interplay between oncogenesis and epigenetic aging mechanisms. 

Previous research by Lin and Wagner demonstrated that in various cancer types, 

the correlation between predicted epigenetic age and chronological age often 

deteriorates242. Most cancers have been associated with accelerated epigenetic aging, 

especially in tumor tissue such as in the case of colorectal cancer study conducted by 

Zheng et al. who reported an estimated age of 6-to-24-year acceleration, or the 

colorectal cancer tumor had an estimated age of 6 to 24 years older than the patients 

chronological age243. In Horvath’s analysis of almost 6000 pan-solid tumour samples 

found an average of accelerated aging of 36 years. Despite the general trend, there 

have been documented exceptions where cancer tissues exhibit negative age 

acceleration such as reports of significant deceleration or younger DNAm ages in 

stomach adenocarcinoma and endometrial cancer, compared to its normal 

counterpart244. Interestingly, our findings in CLL cells align with this observation, had 

lower age acceleration, with the effect being more pronounced in B cells than in non-B 

cells. These results suggest that malignant transformation significantly alters the 
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expected epigenetic aging trajectory, potentially due to extensive DNAm reprogramming 

in cancerous cells. 

Additional insights from Zheng et al. further emphasize the role of epigenetic age 

discrepancies in cancer prognosis. Their analysis of blood-derived epigenetic age 

measures revealed that deviations between epigenetic and chronological age are 

associated with cancer outcomes, though the magnitude and direction of these 

discrepancies vary depending on tissue context243. Such findings reinforce the notion 

that the profound methylome reprogramming occurring during malignant transformation 

disrupts canonical age-associated DNAm changes. Consequently, epigenetic clocks, 

which are predominantly trained on normal tissues, may not accurately reflect the 

epigenetic dynamics of cancer cells, underscoring the need to recalibrate existing 

models or develop new cancer-specific clocks. 

Recent efforts to refine epigenetic clocks for oncological applications have led to 

the development of models that aim to capture cancer-specific patterns of epigenetic 

aging. Some of these clocks are designed to detect deviations between epigenetic and 

chronological age, allowing researchers to distinguish between different tumor 

phenotypes. For example, the breast cancer-specific epigenetic clock (BEpiC) was 

proposed as a tool to classify tumor aggressiveness. Although still in the preprint stage 

and not yet peer-reviewed, BEpiC illustrates the kinds of approaches currently being 

explored245. Alongside such cancer-specific models, pan-cancer clocks have also been 

developed to estimate DNA methylation age across a range of tumor types, reflecting a 

broader effort to understand and characterize epigenetic aging in the context of 

oncogenesis. Alongside such cancer-specific models, pan-cancer clocks have also 
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been developed to estimate DNA methylation age across a range of tumor types, 

reflecting a broader effort to understand and characterize epigenetic aging in the 

context of oncogenesis. 

Despite the research progress involving epigenetic clocks, limitations remain in 

our current analysis. Specifically, the lack of DNAm data on normal (non-cancerous) B 

and non-B cells prevents direct comparisons that could strengthen the argument that 

cancer phenotypes drive the deregulation of age-associated DNAm patterns. However, 

a published study from our lab that looked into age acceleration as measured by 

Horvath and Hannum clocks, of healthy adults may provide partial context in the 

absence of healthy (no CLL diagnosis) controls252. In that study, healthy adult B cells 

from individuals aged 19–59 years exhibited relatively young epigenetic ages, with age 

acceleration values ranging from -18 to 7 years across the Horvath, Hannum, and 

PhenoAge clocks. The negative age acceleration values (e.g. -18) mean that one of the 

adult participants was predicted to be 18 years younger than their chronological age, 

which means that that B cells in some of the healthy adult participants are epigenetically 

younger than their chronological age. In contrast, B cells from our CLL cohort, which 

ranged in age from 52 to 98 years, showed a much broader distribution of age 

acceleration values, spanning approximately -35 to 90 years. Although this difference is 

consistent with greater disruption of epigenetic age regulation relative to healthy adult B 

cells, the comparison should be interpreted with caution because the healthy reference 

group was substantially younger than our cohort. As such, these findings provide useful 

context but do not allow us to fully conclude that the broader range observed in our CLL 

samples is attributable solely to disease-related biological differences. Nevertheless,  
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the notable variability observed in CLL B cells further highlight the impact of malignant 

transformation on epigenetic age regulation and reinforce the necessity for refined 

epigenetic aging models tailored to cancer biology. 

 

5.3. Reevaluating the link between epigenetic aging and senescence 

Direct investigations into the relationship between age-related DNAm changes 

and cellular senescence remain relatively limited. However, earlier studies point to a 

potential connection between these processes. Notably, research involving the 

reprogramming of somatic cells, such as those from mice, into induced pluripotent stem 

cells demonstrated that both age-associated and senescence-associated DNAm 

patterns can be reversed. This observation suggests that aging and senescence may 

be linked through shared epigenetic regulatory mechanisms90,246.  

To further explore this relationship, we examined T-cell senescence, as indicated 

by the expression of CD57+ and loss of CD28- expression, in the context of accelerated 

aging. Contrary to our hypothesis, our findings did not support the notion that 

senescence accounts for variations in epigenetic age. In other words, age acceleration 

in T cells is independent of the senescent markers, CD57+ and CD28-.  

Our findings align with previous studies exploring the impact of different 

senescence inducers on epigenetic aging247,248. One such study evaluated human 

dermal fibroblasts that were driven into senescence through various mechanisms: DNA 

damage via X-ray irradiation, oncogene-induced senescence through RAS activation, 

and replicative senescence via progressive telomere shortening during extended 

culturing247. The researchers observed that fibroblasts rendered senescent by X-ray or 
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RAS activation exhibited little to no increase in DNAm age, often measuring close to 

zero. In contrast, fibroblasts undergoing replicative senescence showed increased 

epigenetic aging. However, the study ruled out telomere attrition as the underlying 

cause. When fibroblasts were transduced with the telomerase enzyme, hTERT, to 

bypass replicative senescence, they still exhibited increases in DNAm age comparable 

to non-hTERT controls. This strongly suggests that the observed epigenetic aging in 

replicative senescent cells is not a direct consequence of telomere shortening, but 

rather a reflection of other aging-related processes occurring during cell proliferation in 

culture247. 

Despite our findings, and those of other studies suggesting that cellular 

senescence does not directly drive epigenetic aging, it would seem premature to 

conclude that there is no link between the two. After all, the literature remains mixed, 

with a few studies suggesting that a more robust association between epigenetic age 

acceleration and cellular senescence may emerge if alternative senescence biomarkers 

are utilized248-251. 

While our findings, along with those of previous studies, support the view that 

senescence does not directly drive epigenetic aging, they also highlight how the link 

between senescence and accelerated aging is context dependent. 

For instance, Smitherman and colleagues conducted a study that investigated 

frail cancer survivors found that elevated levels of the senescence-associated cell-cycle 

kinase inhibitor p16INK4a were linked to accelerated aging251. Notably, the researchers in 

this study did not employ DNAm-based methodologies for age estimation; rather, they 

converted differences in p16INK4a expression into chronological years to conceptualize 
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the degree of age acceleration. More importantly, all participants were under the age of 

29 and had received chemotherapy, a known accelerator of aging, which likely played a 

central role in the observed association. While we did not include p16INK4a as a marker 

of senescence, nor were our study samples derived from individuals who had 

undergone cancer treatment, future research could benefit from incorporating a broader 

range of senescence markers alongside epigenetic aging measures, while also 

accounting for the cellular environment, such as exposure to chemotherapy. 

 Although it would be valuable to conduct further analyses utilizing alternative 

senescence markers, existing literature also highlights another key hallmark of aging 

that may more effectively explain the observed DNAm alterations: mitochondrial 

function. Mitochondrial activity is crucial in regulating metabolic cofactors essential for 

epigenetic modifications, and its dysfunction, whether through diminished energy 

production or increased reactive oxygen species (ROS) generation, can disrupt normal 

epigenetic maintenance mechanisms. Research on cellular senescence has 

demonstrated a strong association between mitochondrial dysfunction and accelerated 

aging, underscoring the potential central role of mitochondria in driving age-related 

changes in DNAm. In a comparative study by Kabacik et al., human dermal 

keratinocytes were treated with carbonyl cyanide m-chlorophenylhydrazone (CCCP), a 

chemical compound that disrupts membrane potential and reduces ATP production and 

were compared to its untreated counterparts247. The results showed that CCCP-treated 

cells exhibited a significantly accelerated epigenetic aging relative to untreated controls. 

To further explore the relationship between mitochondrial function and epigenetic aging, 

an additional experimental group of human dermal cells were treated with Bezafibrate, 
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which is a pharmacological agent known to promote mitochondrial biogenesis and 

function247. The findings reveal that Bezafibrate-treated cells exhibited a slower rate of 

epigenetic aging compared to both untreated and CCCP-treated cells. Collectively, 

these findings provide compelling empirical support for mitochondrial function as a key 

regulator of epigenetic aging. Future studies integrating mitochondrial biomarkers 

alongside DNAm-based age estimation could provide deeper insights into the interplay 

between metabolic regulation and epigenetic aging in both normal and malignant B and 

non-B cell contexts.  

Although senescence markers (CD57 expression and CD28 loss) did not explain 

variation in epigenetic age acceleration (EAA) in our data, this finding likely reflects the 

specific biology captured by the EAA clocks applied. Conventional epigenetic clocks 

estimate chronological or composite physiological age using selected CpG sets, which 

may not correspond to the methylation features associated with immunosenescence-

related differentiation and immune history. As such, a null association between CD28⁻ 

and CD57⁺ and EAA does not indicate a lack of substantial DNA methylation remodeling 

in senescent T-cell states but rather suggests that this senescence-associated variation 

may not align with the specific CpG features captured by the clocks used here. .  

Consistent with this metric-specific interpretation, large numbers of age-

associated CpG sites have been reported even within purified naïve CD4⁺ T cells 

(11,431 sites in adults aged 19–66; 57% hypermethylated with age), indicating age-

related methylation changes in T cells that are not even inherently senescent. In 

addition, epigenetic age estimates can differ markedly across T-cell subsets: applying 

the Horvath clock, naïve T cells from healthy adults in their 50s–60s were estimated 
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near 0 epigenetic years, whereas memory CD8⁺ T-cell populations ranged roughly 20–

50 years, supporting the idea that DNAm age outputs can also reflect differentiation or 

immune history instead of just chronological age254. 

In this context, the significant association of senescent T-cell proportions with 

pcgtAge in the non-B fraction is informative rather than contradictory. The pcgtAge 

score is derived from DNA methylation at PCGT loci and was developed as a mitotic-like 

measure intended to capture replication-associated methylation drift relevant to turnover 

and cancer-related epigenetic change243. Because CD28 loss and CD57 expression 

often emerge after prolonged antigen exposure and repeated clonal expansion, these 

phenotypes may align more closely with a replication or turnover-linked methylation axis 

than with chronological-age clocks256. This pattern is also consistent with the sample 

composition: the non-B fraction contains the T-cell populations on which senescence 

markers are defined, whereas the B-cell fraction is enriched for B cells and contains 

relatively few T cells255. Importantly, the association does not imply a one-directional 

causal pathway; it is compatible with (i) mixture effects, where shifts toward late-

differentiated T-cell states influence the average methylation at PCGT CpGs in bulk 

non-B profiles, and/or (ii) shared immune-history biology, where chronic stimulation and 

repeated proliferation increase both senescence-associated phenotypes and 

replication-linked methylation drift captured by mitotic clocks. 

 An important direction for future work is to clarify how immune senescence 

relates to different DNAm-based aging measures in heterogeneous immune 

compartments, including analyses that separate mixture effects from within-cell 
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methylation changes and that test whether adjusting for immune composition attenuates 

the pcgtAge–senescence association. 
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6. Conclusion 

 

Disentangling the complex interplay between aging, frailty, and their respective 

roles in shaping the DNAm landscape presents a significant challenge. Although these 

processes are conceptually distinct, they are biologically and clinically interrelated in 

ways that complicate efforts to isolate their individual contributions. Aging is not a 

uniform or linear process; it may culminate in either healthy longevity or pathological 

decline. However, differentiating between “normal” and pathological aging remains a 

central challenge in the biology of aging. 

CLL provides a particularly relevant model for investigating these relationships. 

Situated at the intersection of immunosenescence, chronic disease, and age-related 

physiological decline, CLL reflects many of the complexities inherent to aging itself. This 

makes it a valuable system for studying how malignancy interacts with age-associated 

biological processes. 

In this study, we aimed to contribute to the broader effort to delineate the roles of 

aging and frailty in epigenetic remodeling, with a specific focus on DNA methylation 

dynamics. Our findings indicate that while cellular senescence contributes to 

epigenomic changes, a substantial proportion of age-related DNAm alterations occur 

independently of senescent cell accumulation. This suggests that senescence is not the 

sole driver of epigenetic aging and highlights the multifactorial nature of age-associated 

methylation patterns. 

Notably, we observed that even non-malignant cells in CLL patients exhibit 

DNAm profiles influenced by cancer-associated processes. This observation 

underscores the extent to which malignancy can distort the molecular hallmarks of 
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aging, complicating the interpretation of DNAm as a biomarker for biological age in 

disease contexts. These findings support the view that CLL can disrupt the normative 

aging trajectory at the molecular level. 

Contrary to our initial hypothesis, DNAm patterns did not reliably distinguish 

between major prognostic subtypes in CLL. This result suggests that, in certain clinical 

contexts, DNAm-based biomarkers may have limited prognostic utility. Additionally, we 

detected minimal evidence for differential epigenetic age acceleration among CLL 

patients, reinforcing the notion that frailty is tightly integrated within the aging process 

and may not be easily parsed as a separate biological entity using current epigenetic 

tools and methodologies.  

 Collectively, these findings refine our understanding of the utility and limitations of 

DNAm as a biomarker of aging in the context of chronic disease. They also highlight key 

areas where further research is needed to improve the resolution and interpretability of 

epigenetic aging measures. 

In summary, this work underscores the complexity of aging biology, emphasizes 

the need for integrative and disease-aware analytical frameworks, and provides novel 

insights into the interplay between aging, frailty, and malignancy. By clarifying the 

contexts in which DNAm is a meaningful indicator of biological aging, this study 

contributes to the ongoing effort to develop robust, clinically relevant measures of aging 

and disease risk.  
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