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Immune Aging and Hematopoietic Decline: Mechanisms and Therapeutic Opportunities

This dissertation set out to study immune aging and hematopoiesis, with the overarching aim of
understanding how these processes converge upon leukemogenesis in acute myeloid leukemia
(AML). In conducting studies, we have explored how molecular pathways drive immune senes-
cence and inflammation, how epigenetic manipulations can preserve or enhance hematopoietic
stem cell (HSC) function, and how dissecting molecular data from AML at bulk or single-cell
resolution can characterize the disease heterogeneity.

71 Immune Aging and Hematopoietic Decline: Mechanisms and
Therapeutic Opportunities

In Chapter 2, we systematically studied immune aging in mice. Using transcriptional profiling
and chromatin accessibility data, we demonstrated that older immune cells exhibit increased AP-1
activity, correlating with enhanced accessibility of the AP-1 binding site in genes encoding pro-
inflammatory cytokines such as IL-6. AP-1 activity and accessibility of AP-1 binding sites in pro-
inflammatory cytokine genes were also increased with age in short-lived (NZO) and long-lived
(B6) mouse strains. Human data also showed that the accessibility profiles of JUN and FOS, to-
gether encoding the dimeric AP-1 transcription factor, are similar to those of mice. This suggests
that AP-1 activation might be an evolutionarily conserved immune signature of aging. Our data
refine the term inflammaging by placing AP-1 transcription factors as one of the central nodes or-
chestrating pro-inflammatory gene programs. Yet, further studies are warranted to grasp whether
these changes are predominantly driven by metabolic states (e.g., obesity, T2D) or by intrinsic
epigenetic drift in immune cells.

Many studies show that inflammation is related to specific immune subsets like monocytes or
macrophages!™. In the context of aging, this myeloid bias is associated with age-related clonal
hematopoiesis, which is often driven by recognizable somatic mutations but can also occur in the
absence of currently identifiable canonical driver variants*”. Extensive studies on aging of the im-
mune system demonstrated that a clonal mutation is found in less than 1% of individuals below
50 years of age5, but in more than 30% of those above 80 yearsé'7. For instance, recent single-
cell multi-omics data from bone marrow samples of multiple myeloma patients with a DNMT3A
hotspot mutation revealed that these patients have a clonal expansion in the myeloid lineage®,
suggesting that increased presence of myeloid cells may affect the entire bone marrow microen-
vironment, including cells interacting with lymphoid-derived plasma cells. As we age, numbers
of myeloid-biased HSCs may increase, and this might be the fundamental culprit that eventually
leads to systemic deterioration of the immune system. This leads to the fundamental question of
whether myeloid skewing at the HSC level might induce aging of the immune system, and how
this can be prevented.

If myeloid skewing in HSCs is indeed causal for immune aging, two complementary strate-
gies may hold therapeutic potential: depleting myeloid-biased HSCs or expanding HSCs with
more balanced output of lymphoid- and myeloid-biased HSCs. For instance, Ross et al.* recently
demonstrated that antibody-mediated depletion of myeloid-biased HSCs in aged mice reduced
their dominance in the bone marrow and restored a more balanced pool of HSCs. This shift pro-
moted the expansion of common lymphoid progenitors and increased the production of naive
CD4" and CD8* T cells as well as naive B cells. Functionally, these changes translated into stronger
vaccine-induced T-cell and antibody responses, improved control of viral infections, and a reduc-
tion in exhausted or age-associated immune subsets. Plasma levels of pro-inflammatory cytokines
and other proteins elevated with age also decreased toward more youthful levels. Together, these
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findings show that restoring the HSC balance not only corrects lineage skewing but also rejuve-
nates adaptive immunity at both the cellular and functional level, suggesting a promising strategy
to delay immune aging and its associated morbidities.

Another way in which output and skewing of HSCs can be influenced is through epigenetic mod-
ulation. In Chapter 3, we investigated epigenetic manipulation of HSCs ex vivo. Using a BET
inhibitor (CPI203) and HDAC inhibitor (Quisinostat), we demonstrated improved HSC expan-
sion and viral transduction efficiency, which is critical for the success of gene therapy protocols.
scRNA-seq data along with machine learning models showed that HSC pools were enriched after
both treatment conditions. Additionally, Quisinostat unexpectedly skewed HSC differentiation
toward the erythroid lineage, suggesting a potential advantage of using this drug for gene ther-
apies to restore red blood cell disorders. Taken together, these findings indicate that epigenetic
regulators originally developed for cancer treatment can, in lower dosages, be used to modulate
stemness and lineage potential. The next step then would be to apply these gene therapy protocols
in preclinical models to evaluate the safety and long-term engraftment potential of epigenetically
modified HSCs.

7.2 Recurring computational ambiguities in analysis of cancer data:
Context and Method Layers

A myeloid bias in hematopoiesis can also be the result of oncogenesis, like in the case of acute
myeloid leukemia (AML). AML is characterized by abnormal expansion of malignant myeloid
cells in the bone marrow, which blocks normal hematopoiesis. In Chapter 4, we tried to char-
acterize this extreme derailment of hematopoiesis by applying deconvolution of bulk RNA-seq
from over a thousand AML patients using a healthy bone marrow single-cell atlas as reference.
This approach allowed us to calculate estimated cell compositions (ECCs) that recapitulated clas-
sical AML differentiation stages and revealed lineage arrests consistent with FAB subtypes. Im-
portantly, these ECCs were not only descriptive of disease heterogeneity but also predictive of
treatment outcomes. For example, samples enriched for CD14* monocytes displayed resistance
to the BCL-2 inhibitor Venetoclax, a pattern that outperformed BCL-2 expression alone. At the
same time, the study highlighted critical challenges: leukemic blasts often deviate transcription-
ally from their healthy counterparts, and results can shift depending on the reference atlas or
resolution of the deconvolution method. So, our analyses revealed two recurring layers of ambi-
guity in analyzing cancer datasets: context (disease-specific phenotypes diverging from canonical
healthy states) and methods (algorithm choice, modality, resolution).

As a concrete example of methods-related ambiguities, there are many algorithms to perform
deconvolution on bulk RNA-seq data. In our study, we employed an algorithm called MuSiC?,
based on its benchmark performance!® and that it is open-sourced, which allowed us to build
the algorithm into our already existing HAMLET pipeline!!. Nevertheless, algorithm choice can
strongly affect estimated fractions. Similar to our study, Zeng et al.'? also deconvoluted bulk
RNA-seq AML samples and systematically compared different algorithms by assessing how well
estimated cell compositions correlated with matched single-cell RNA-seq data. In their evalua-
tion, CIBERSORTx!® achieved the highest concordance, with MuSiC ranking second. Together,
these findings underscore that while deconvolution is a powerful tool to dissect cell type compo-
sition in bulk data, interpretation must be tempered by awareness of algorithm-specific biases and
limitations.

As an example of context-related ambiguities, cancer samples add further complexity because
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Recurring computational ambiguities in analysis of cancer data: Context and Method Layers
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Figure 7.1: Examples for the two layers of ambiguity in analyzing cancer data.

aberrant phenotypes diverge from canonical healthy states'. Due to this complexity, AML sam-
ples are hard to phenotype by deconvolution. For instance, we used a detailed healthy bone mar-
row sample to deconvolute our in-house RNA-seq samples and correlated them with more coarse
spectral flow cytometry phenotypes to understand the cell type compositions. However, although
at a high level (e.g. monocytes) the methods agreed with each other, they do not perfectly match
for detailed subsets due to technical differences, i.e. flow panels measure the presence of, in the
order of ten, highly discriminative cell surface markers for millions of single cells, whereas bulk
RNA-seq measures thousands of mRNA molecules for thousands of cells per sample (Figure 7.1).

These two layers also recurred in other chapters of the thesis while analyzing the different types
of cancer datasets. For instance, in Chapter 5, we used bulk RNA-Seq from 1224 AML patients
and demonstrated that the major AML subtypes in the World Health Organization (WHO) 2022
classification, which are defined by genetic aberrations, can also be successfully identified by gene
expression profiling. However, we did experience ambiguities caused by the choice of methods
when patients had to be assigned to robust clusters based on their transcriptional profiles. First,
we identified either three major or five more refined transcriptional clusters of NPMI-mutated
AML, which could be partly explained by co-mutational profiles. Secondly, the choice of clus-
tering resolution was adhered to a balance between capturing the granularity of transcriptional
heterogeneity and maintaining biological interpretability. A resolution that is too fine has the risk
of overfitting to transcriptomic noise, while a resolution that is too coarse could obscure mean-
ingful subgroups, particularly those driven by co-mutational patterns. Therefore, we evaluated
clustering stability using consensus clustering and silhouette scores, ensuring that the resulting
AML clusters were both robust and biologically relevant.

In Chapter 6, we used single cell RNA-seq and spectral flow cytometry to characterize the cellular
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signatures of NPM1-mutated AML. Using 19 markers in flow cytometry, we were able to replicate
the distinct transcriptional subtypes of NPMI-mutated AML, even though they were based on the
expression of more than 20,000 genes measured by single cell RNA-Seq. However, methodologi-
cal ambiguities also emerged. While the majority of markers showed good concordance between
mRNA expression and protein abundance, some did not. For example, CD61 displayed robust
protein staining despite weak or inconsistent transcript detection in the single-cell RNA-seq data.
Such transcript-protein mismatches are well documented. Correlations between mRNA and pro-
tein are often modest, reflecting both technical limitations (e.g. mRNA drop-out, or degradation)
and biological regulation (e.g. post-transcriptional control)'#15. Another example of context layer
in this chapter was a cluster of "High-mito” cells, enriched within one of the N°PM1-mutated AML
subtypes, which showed elevated mitochondrial gene expression yet remained below the conven-
tional 15% threshold used to flag dying or low-quality cells. Their atypical profile, which was
neither fully consistent with technical artifacts nor with canonical early progenitor phenotypes,
illustrates how disease-specific metabolic states can complicate interpretation of cellular identities
in AML.

Taken together, these findings indicate that analyses of cancer datasets are consistently influ-
enced by two recurring and interacting sources of ambiguity: methodological and contextual.
Methodological ambiguities arise from differences in algorithmic design, parameter choices, and
modality-specific biases, while contextual ambiguities stem from malignant phenotypes that de-
viate from canonical healthy states. Careful recognition and transparent reporting of these limi-
tations are essential to ensure that computational analyses yield results that are both robust and
biologically meaningful.

7.3 Redefining Leukemia-Initiating Cells: Lessons from NPM1 Muta-
tions

A lot of the research in the field of AML is focused on the leukemic stem cell (LSC). A LSC is a malig-
nant cell with self-renewal capacity that initiates the leukemia upon acquiring a genetic aberration.
However, the true definition of a LSC is rather ambiguous. It was first shown by Dick et al. in mice
with severe combined immunodeficiency (SCID) that the engraftment potential of leukemic hu-
man cells is much higher for CD34*CD38" leukemic cells than CD34" or CD34*CD38" leukemic
subsets!®. Yet, as shown in Chapter 4, by performing single cell RNA-seq on human coord blood,
CD34*CD38" cells are still heterogeneous in HSC subsets, and this also holds for leukemic cells?’.
For instance, latest mice experiments have shown that knock-in of the NPM1 hotspot mutation in
more differentiated progenitor cell types (e.g. MPP, GMP) can also lead to engraftment and full-
blown leukemia, albeit at a lower efficiency compared to earlier stem cell subsets'®. These findings
support that LSCs do not necessarily need to have a CD34*CD38" phenotype, and that LSCs can
also reside in AML cells with other phenotypes. Later, Dick et al. defined two gene signatures for
LSCs commonly referred to as stemmness score!®. However, these signatures include CD34 as one
of the most important genes. In Chapter 6, we showed that CD34 gene expression levels strongly
correlate with stemness scores across the transcriptional clusters of NPM1-mutated AML?, and
that NPM1 mutations are not confined to classical LSCs but detectable across all myeloid cell
types. While this distribution does not imply uniform leukemia-initiating capacity, it suggests
that leukemic potential is not exclusively restricted to immunophenotypically defined LSCs, but
may also emerge from progenitors capable of retaining or re-acquiring stem-like features within a
largely preserved differentiation hierarchy.
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This principle of stemness plasticity is further exemplified by NPM1-mutated AML, where a sin-
gle molecular lesion is sufficient to reprogram progenitors toward self-renewal. NPM1 mutations,
most commonly a 4-bp TCTG insertion (type A) in exon 12, occur in “30% of adult AML. The
frameshift mutation disrupts a nuclear retention signal and creates a nuclear export signal, lead-
ing to mis-localization of the nucleolar chaperone to the cytoplasm. The mis-localization of NPM1
(NPMlc) represents both a defining biomarker and an unresolved mechanistic driver. Upon gain-
ing the NPM1 mutation, myeloid progenitor cells acquire long-term self-renewal. NPM1-mutated
AML is associated with a distinctive transcriptional program characterized by high expression of
HOXA, HOXB, and cofactors such as MEIS1%L. Shuttling NPM1c back to the nucleus with XPO1
inhibitors extinguishes the HOXA/MEIS1 program, drives maturation and extends survival in
mouse models?.

Recent studies have further refined this mechanism by showing that NPMlc does not merely
activate HOX genes indirectly, but can also directly regulate oncogenic transcription. In par-
ticular, a residual nuclear fraction of NPM1c has been shown to bind a restricted set of active
chromatin regions, including the HOXA and HOXB clusters and MEIS1, where it cooperates with
XPO1/CRM1, RNA polymerase II, and the MLL1-Menin transcriptional machinery to sustain the
leukemic self-renewal program?3?%. These observations provide a more direct explanation for the
characteristic HOXA/HOXB-high state of NPMI1-mutated AML and also help explain the marked
sensitivity of this leukemia subtype to Menin inhibition?24,

At the same time, indirect mechanisms likely contribute in parallel. Earlier studies showed that
NPMlc-driven cytoplasmic mislocalization of key nuclear regulators such as PU.1 and CTCF per-
turbs differentiation-associated transcriptional control and chromatin architecture, thereby further
reinforcing leukemic identity?>?°. Together, these findings indicate that NPM1c-mediated stem-
ness is mechanistically multifactorial, reflecting both direct chromatin-level activation of leukemic
transcriptional hubs and indirect rewiring of transcription factor and chromatin regulator local-
ization.

Wild-type NPM1 transiently coats unduplicated centrosomes and is released after CDK2-cyclin
E phosphorylates Thr199%28, In NPMI-mutated leukemic cells, the cytoplasmic mutant form
exhibits elevated Thr199 phosphorylation and a heightened dependence on this modification for
Gz /M progression?.

While wild-type NPM1 participates in centrosome licensing, whether mislocalized NPM1c ac-
cumulates within centrosome-proximal compartments in primary blasts remains unclear; thus,
any proposed centrosome-mediated link to HOX control should be viewed as a hypothesis that
warrants testing. It would be interesting to address this hypothesis using advanced spatial pro-
teomics (e.g. imaging mass cytometry) integrated with single-cell or spatial transcriptomics, to
map centrosome-associated interactors and downstream kinases that could connect NPM1c ex-
port to leukemic identity. Taken together, these observations reinforce a central theme: leukemic
potential is not limited to LSCs as initially thought but can also be conferred to myeloid progen-
itor cells other than HSCs through acquisition of mutations such as NPM1c that hijack stemness
programs.
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7.4 General Discussion and Future Perspective

7.4.1 Understanding the identity of a cell

A human cell is a product of 3.8 billion years of evolution. Arguably, the most complex machine in
existence. Millions of proteins work seamlessly to establish intrinsic functions and accommodate
to external conditions. A cell consists of different organic molecules, and particularly mRNAs and
proteins play an essential role. As outlined in the Introduction, lineage identity is imposed not by
changes in the DNA sequence but by reversible epigenetic programs such as DNA methylation,
histone modifications and higher-order chromatin remodeling that modulate gene accessibility.
This epigenetic regulatory layer has first been conceptualized by Waddington in 19423, Today,
thousands of scientists around the world work on these epigenetic changes and try to further
map the effects of these changes on cells. Perhaps the most striking example of these endeavors
is reversing cell identity to stem cells by only 4 transcription factors®'. This discovery propelled
the epigenetics field, underscoring that cell identity can be reprogrammed by external cues, much
like changing the software on fixed hardware. In other words, what cells do is “programmable”
without altering the underlying genome. For instance, in Chapter 3, we used two different epige-
netic modifiers to enhance the yield of HSCs when co-cultured with stem cell factor. Particularly
Quisinostat significantly increased the HSC pool without interfering with the ability to transduce
these cells with a lentivirus.

Building on this concept of programmability, totipotency represents the ultimate plasticity. It is
a uniquely defining feature of cells in an early developing multi-cellular organism, which allows
a single cell, the zygote, to create all the types of cells making a fully grown organism. In his
classical view, Waddington used a landscape analogy to describe cell fates during development.
He used the example of a marble rolling down from a hill. As it rolls down, the marble encoun-
ters valleys, which represent different developmental pathways. Once the marble enters a valley,
it becomes more committed to a certain cell fate and the way back to a less differentiated state
is much harder. This analogy captures the broad intuition, but modern single-cell data suggest
refinements are needed. For instance, transcriptional entropy of a cell is correlated with its matu-
ration stage®?. High entropy, characterized by many genes that are expressed at similar levels, is
associated with more stem cell phenotypes. In contrast, low entropy, characterized by a few genes
that dominate expression, is associated with more differentiated cell phenotypes. This is similar
to each fork taken by the rolling-marble in a valley which reduces the uncertainty of the outcome.
However, rather than a simple continuum of stable fates, differentiation is better described as an
attractor landscape, in which gene-regulatory dynamics stabilize discrete cell identities and in-
termediate states are usually transient. Along trajectories, cells can pass through intermediate
configurations, but these are typically transient and low probability. Consistent with this, many
surface markers, and their mRNA proxies, exhibit near on/off distributions created by feedback,
cooperativity, and thresholds; stable intermediate expression is rare, usually confined to transient
states at bifurcations.

Single-cell studies further show that differentiation often proceeds through groups of closely re-
lated cell states that form recognizable clusters. Within each cluster, cells have similar phenotypes,
illustrating the top-down dynamics that happen in cellular differentiation. Beyond transcriptional
and epigenetic states, physical and bioelectric properties also constrain differentiation trajectories.
For instance, the cell surface is a thin layer with almost constant capacitance, but varying resis-
tance. Interestingly, resting membrane potential (Vi) also correlates with differentiation3®, with
depolarized cells (i.e. chondrocytes) being more prone to cellular division and hyperpolarized
cells being less likely to undergo cell division, e.g. neurons, or skeletal muscle cells®*. A strik-
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ing example of these bioelectric signals affecting cellular differentiation was shown by Levin et
al. in planaria. These worms can be cut many times and still regenerate their entire body. Yet
remarkably, altering their endogenous bioelectric signals can change the pattern of regeneration.
Levin and colleagues demonstrated that by artificially modulating transmembrane voltage gra-
dients, they could control the head size of planaria and could induce regeneration of multiple
heads or, conversely, fail to regenerate a head at all®>. These findings support the view that
bioelectric signals serve as a type of pattern memory, guiding cells toward specific morphological
outcomes. In other words, the top-down influence of bioelectric states can override default molec-
ular cues, reshaping an organism’s anatomy despite a constant genomic blueprint. In the context
of hematopoiesis and leukemogenesis, these perspectives suggest that stemness, lineage bias, and
even clonal architecture may be governed not only by genetic and epigenetic alterations but also
by emergent top-down constraints, from attractor dynamics to bioelectric patterning.

7.4.2 Towards a system-level understanding of biology

Hematopoiesis is a complex system that requires strict regulation. It is a dynamic process that
changes throughout the lifespan of an animal. The disruption of this top-down process during
hematopoiesis is most prominent in cancer settings. For instance, in Chapter 4, we show that
AML with distinct morphology by microscopy are dominated by distinct cell types identified
from molecular data (RNA-seq), indicating that internal changes in the leukemic blasts are re-
flected at system scale which can be seen with a microscope. Throughout the thesis, we showed
that hematopoiesis can be deregulated and skewed towards the myeloid lineage as a consequence
of aging or genetic abnormalities. This bias can be simply explained by competition between
different myeloid- and lymphoid-skewed HSC clones. Clones with an evolutionary advantage
(e.g. faster division rate) repopulate the hematopoietic system with more exponentially growing
cells. This is supported by recent studies in humans with decades of genomics data®3. Clones
with a growth advantage dominate the hematopoietic system and as a consequence, clonal diver-
sity decreases significantly®®. These findings promote important questions in the field of sys-
tems immunology. As we age, the thymus involutes and naive T-cell output declines, while
clonal hematopoiesis of indeterminate potential (CHIP) mutations, most commonly in TET2 or
DNMT3A, become more prevalent. TET2-mutant clones consistently show myeloid-biased differ-
entiation in both humans and mice, whereas DNMT3A mutations primarily expand multipotent
HSCs, with myeloid skewing occurring more specifically with hotspot mutations at sites such
as R882. This shift toward myeloid output reduces the pool of common lymphoid progenitors®
(CLPs) and which in return may limit the number of HSCs available to seed the thymus. An
open question is whether such CHIP-associated changes directly contribute to progressive thymic
shrinkage during adulthood.

Another important question is how hematopoietic alterations contribute to other cancer types. For
example, a recent paper revealed that in blastic plasmacytoid dendritic cell neoplasm (BPDCN), a
rare but aggressive malignancy that often presents as skin lesions, the initial cells may originate
from the bone marrow harboring only a CHIP mutation. Subsequently, these cells could acquire
additional genetic mutations upon exposure to ultraviolet light in the skin*’. Another recent study
revealed that interleukin-4 (IL-4) signaling within the bone marrow promotes the development of
immunosuppressive myeloid cells, which facilitate tumor progression in non-small cell lung can-
cer (NSCLC)*!. Both studies demonstrate that only a systems-level perspective can capture how
hematopoietic alterations drive disease processes beyond the primary tissue, and how therapeutic
strategies must therefore target the entire immune network.
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This systemic understanding is important not only for cancers but also for other lethal diseases.
For instance, the “Berlin Patient,” was the first individual who was accidentally cured of HIV af-
ter allogeneic hematopoietic stem cell transplantation (HSCT) for his AML. As of late 2024, seven
patients have been cured from HIV by allogeneic HSCT#?. These cases highlight the potential of
bone marrow-derived interventions in treating even viral infections. Altogether, these examples
highlight that hematopoiesis functions as a central hub influencing diverse systemic diseases. Un-
derstanding these interactions requires a systems-immunology perspective that integrates clonal
dynamics, immune regulation, and organism-wide consequences.

7.4.3 What can we do for a true system understanding?

“Math is to physics what Al will be to biology.”

— Demis Hassabis

Although criticized by many experts, reductionist ideas can converge to reality. A great example
to this is neural networks. Inspired by the neurons in the brain, a layer of simple perceptron
can approximate any function*>. Cascades of these simple models are capable of understanding
language, visual and audio clues and even creating new simulated worlds*45. Similarly, a cell
can be seen as a “bag of information”, where the information can represent any molecule of the
hardware such as DNA, RNA, or protein. With the digitization of the cells’ hardware, we can
create computational models that are capable of understanding the statistical relations between
these molecules and render the actual algorithm. Simulating molecular interactions with Al and
creating a virtual cell to understand cell-cell interactions and eventually understanding the system
seems to be the direction we are heading. One early example of these models is called Evo®,
where the aim is to predict the next base in a given bacterial genome via a hybrid transformer
architecture. For instance, this foundation model is capable of predicting essentiality of the genes
in knock-out experiments. Still, Evo is trained only on DNA sequence, which captures part of the
biological “vocabulary” but not the full regulatory language of the cell.

Understanding how one cell reacts to certain stimuli will not be sufficient for system level un-
derstanding of multi-cellular life. To solve the language of cells, multi-omics single-cell data will
be truly essential. We know that the molecular pathways are simply the means (or ‘sentences’)
of the language, yet they are mostly undiscovered. These pathways are not yet truly understood
at single cell level, mostly due to technical difficulties such as drop-out, sequencing biases or
not having truly enormous single-cell multi-omics experiments. In the coming decade, a major
goal will be to use artificial intelligence to understand cellular regulation from a systems-level
perspective. Along the same trajectory, the same authors introduced Evo2%”, which was trained
on a vastly larger corpus of genomes, spanning bacteria to apes and humans, and extended to
RNA data. Evo2 can operate at the scale of entire chromosomes and has already been used not
only for variant effect prediction but also for de novo generative design. Strikingly, a recent study
demonstrated that Evo2-generated bacteriophage genomes, despite harboring hundreds of novel
mutations, could assemble into fully functional infectious phages, some even outperforming wild-
type strains in competition assays*®. This proof-of-concept shows that genome language models
are not restricted to passive prediction but can actively design novel biological entities, pushing
reductionist “bags of information” toward system-level engineering.

An analogy of infamous System I and II thinking® from Daniel Kahneman can also be applied
to cells. A single cell is mostly reactive and does not have the capability of long-term thinking
and planning and therefore remains at the System I level. However, multi-cellular or complex
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organisms can plan and act ahead, which suggests that multi-cellularity and top-down regula-
tion is essential for System II level. Therefore, integration of single-cell insights with top-down,
system-level approaches is critical for deciphering how multi-cellular organisms acquire System
[I-like abilities. We are at a point in time where we can control System I level of cells through
molecular or cellular manipulations (Figure 7.2). For instance, we can edit the genome via gene
therapy or CRISPR, or we can change the epigenetic landscape of cells and change their identity
back to their stem cell state. Still, we are not fully at the level of system manipulation, although the
first glimpses are already visible, e.g. designing organoids or rewiring electrical signals of multi-
cellular organisms. By combining comprehensive multi-omics data with artificial intelligence and
large-scale modeling, we can begin to bridge the gap between the reactive nature of individual
cells and the emergent, forward-planning capabilities of entire tissues and organisms. This will be
the challenge of this century.

Lastly, System III level is a new phenomenon that represents the next step in the evolutionary
timeline, with the potential to create entirely new biological entities. While System II encom-
passes the ability to rewire existing multicellular organisms at the tissue or organ level and bal-
ancing back the homeostasis, System III goes one step further by integrating breakthroughs in
synthetic biology, regenerative medicine, computational modeling, perhaps robotics, and Al to
sculpt novel or profoundly re-engineered forms of life. Recent work with Evo2 demonstrates
that genome models can already generate functional bacteriophages from scratch, hinting that
System III is no longer theoretical but also an emerging reality. This entails orchestrating devel-
opment, physiology, and even behavior in ways that fundamentally transcend current natural
boundaries. For example, combining whole-organ engineering, dynamic bioelectrical patterning,
and self-organizing organoids with advanced computational designs could allow us not only to
repair complex tissues, but also to produce emergent biological systems.

YA I T

Inter-cellular Single cell Multi-cellular Complex New
Organisms Entities
System | System Il System Il
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Figure 7.2: A simple schematic of manipulation levels.

7.5 Concluding Remarks

In conclusion, this dissertation has provided a comprehensive exploration of immune aging and
hematopoiesis, revealing critical intersections that predispose to leukemogenesis in acute myeloid
leukemia (AML). By integrating transcriptional profiling, chromatin accessibility analyses, and
advanced computational techniques across murine and human models, this work helps our
understanding of inflammaging through the potential of epigenetic interventions to rejuvenate
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hematopoietic stem cell function. Moreover, the detailed investigation into the novel subtypes
of AML using bulk and single-cell methodologies underscores the intrinsic challenges posed by
methodological and contextual ambiguities, while offering new insights into the dynamic inter-
play between genetic aberrations and cellular identity.

In the last century, we began to understand how the hematopoietic system functions and how
blood cells arise, operate, and sometimes fail. We are now recognizing how age-related changes
in the hematopoietic system can drive skewing toward the myeloid lineage, thereby increasing
the risk of cancer. Today, we are on the verge of understanding blood cells and the hematopoietic
system from a more holistic perspective. These new insights, together with the ingenious tools
that have been developed, may one day enable the full eradication of lethal blood cancers and
perhaps eventually other cancer types as well. Once among the deadliest subtypes of AML, acute
promyelocytic leukemia can now be effectively treated with differentiation-inducing drugs, and
immunotherapy has revolutionized the treatment of B-cell lymphomas, with newer forms such as
TCR-T cell therapy beginning to find their way into AML treatment.

Looking ahead, the future of hematology and cancer research is bright. Global collaborations,
relentless scientific rigor, and continuous innovation will reshape our ability to understand the
mechanisms underlying blood cancers. Curative treatments are no longer just a dream but be-
coming a real possibility. We are quickly entering an era where what once seemed impossible is
turning into reality.
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