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Computational modeling reveals key
factors driving treatment-free remission
in chronic myeloid leukemia patients
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Patients with chronic myeloid leukemia (CML) who receive tyrosine kinase inhibitors (TKIs) have been
known to achieve treatment-free remission (TFR) upon discontinuing treatment. However, the
underlying mechanisms of this phenomenon remain incompletely understood. This study aims to
elucidate the mechanism of TFR in CML patients, focusing on the feedback interaction between
leukemia stem cells and the bone marrow microenvironment. We have developed a mathematical
model to explore the interplay between leukemia stem cells and the bone marrow microenvironment,
allowing for the simulation of CML progression dynamics. Our proposed model reveals a dichotomous
response following TKI discontinuation, with two distinct patient groups emerging: one prone to early
molecular relapse and the other capable of achieving long-term TFR after treatment cessation. This
finding aligns with clinical observations and underscores the essential role of feedback interaction
between leukemic cells and the tumor microenvironment in sustaining TFR. Notably, we have shown
that the ratio of leukemia cells in peripheral blood (PBLC) and the tumor microenvironment (TME) index

can be a valuable predictive tool for identifying patients likely to achieve TFR after discontinuing
treatment. This study provides fresh insights into the mechanism of TFR in CML patients and
underscores the significance of microenvironmental control in achieving TFR.

During the process of hematopoiesis, hematopoietic stem cells (HSCs)
undergo proliferation, expansion, and differentiation, generating diverse
mature blood cells across various lineages. These HSCs reside in specialized
areas of the bone marrow microenvironment called “hematopoietic
niches”. The hematopoietic process is regulated by intrinsic signaling
networks and external signals from the bone marrow microenvironment.
However, when hematopoietic stem cells or progenitor cells acquire
oncogene mutations and clonally expand, it may interrupt normal hema-
topoiesis and cause malignancies of blood cells.

Chronic myeloid leukemia (CML) is a type of cancer that occurs when
a certain type of stem cell in the bone marrow undergoes a genetic change
called BCR-ABLI fusion gene-induced transformation. This change is
caused by a chromosomal translocation known as t(9;22), and it transforms
the cell into a leukemic stem cell (LSC)*’. The LSC multiplies and produces
an excess of immature myeloid lineage cells, mostly granulocytes, in the

bone marrow, which causes a clonal myeloproliferative disease. CML pro-
gresses slowly and typically goes through three phases while left treatment:
chronic phase, accelerated phase, and blast crisis phase. The chronic phase is
the initial, relatively inactive stage that may last between 3 and 7 years'. CML
is usually diagnosed during the chronic phase when there is an abnormally
high number of white blood cells in the body. If chronic phase CML is not
treated, it will eventually progress to the accelerated phase and/or the blast
crisis phase within 5 years®. In the accelerated phase, CML cells increase
rapidly, and immature blast cells in the blood or the marrow increase (up to
19%). In the blast crisis phase, blast cells may accumulate in other areas of
the body, and the number of blasts in the blood or marrow increases to over
20%. Most deaths related to CML occur during the accelerated or blast crisis
phase. However, the progression of the disease varies greatly among indi-
viduals. Some may remain in the stable chronic phase for up to 20 years,
while others may progress within a few months’.
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CML is a typical disease treated with targeted therapy. Over the past
decade, the standard treatment has involved tyrosine kinase inhibitors
(TKIs) targeting the BCR-ABL fusion protein. This has significantly
improved the life expectancy of patients with CML*"". Initially, TKI therapy
aimed to prevent patients from progressing to an accelerated phase or blast
crisis, and required lifelong imatinib therapy. Ten-year follow-up studies of
imatinib recipients showed a 10-year overall survival rate of around 80%'""".
More than 82% of patients treated with imatinib achieved a complete
cytogenetic response, defined as no Philadelphia chromosome-positive cell
in at least 20 marrow metaphases. With prolonged imatinib therapy, deeper
molecular response levels can be achieved. These are measured using real-
time quantitative reverse transcriptase polymerase chain reaction (qRT-
PCR) to determine the ratio of BCR-ABL1 mRNA to control transcription
in peripheral blood (BCR-ABL1/ABLI ratio). Clinically, a major molecular
response corresponds to BCR-ABL1/ABLL ratio < 0.1%. Deeper molecular
responses, such as MR4.0 (BCR-ABL1/ABLI ratio <0.01%) and MR4.5
(BCR-ABL1/ABLI ratio <0.0032%), and a complete molecular response
(BCR-ABL1/ABLI ratio < 0.001% or undetectable BCR-ABL1 mRNA) are
also possible'™". MR4.5 can be achieved in approximately 30—50% of
patients treated with imatinib within 5 years and in approximately 40—60%
of patients treated with a second-generation TKI'*'*. Recent studies have
shown that a significant proportion of patients who achieve deep molecular
responses can achieve treatment-free remission (TFR) after discontinuation
of TKI therapy''°.

Several clinical studies have investigated TFR after TKI treatment'’ ™.
However, since the concept of TFR is relatively new, little is known about the
molecular components that may regulate patient responses™. Clinical stu-
dies on imatinib treatment'”~*' have shown that after stopping imatinib in
patients with stable undetectable BCR-ABL1 mRNA for at least two years,
the overall molecular relapse rate was about 60%, while long-term survival
was around 40%. Molecular recurrence mostly occurred within six months
after imatinib withdrawal, and late relapses were rarely observed. In the
long-term follow-up of the French stop imatinib study”’, molecular
recurrence-free survival was 43% (95% CI, 33% to 52%) at six months and
38% (94% CI, 29% to 47%) at 60 months. Similar results have been observed
in studies of second-generation TKIs (nilotinib, dasatinib, and
bosutinib)***, with a 96-week molecular recurrence-free of 49% in the
study by Ross et al.** and 53% in the study by Mahon et al.”’, both of which
evaluated the effects of nilotinib discontinuation. In both first- and second-
generation TKI studies, most relapsed patients who reinitiated the original
TKI regained a major molecular response. Moreover, some patients can
achieve a second TFR after a second attempt despite failing the first TKI
discontinuation attempt”’.

Clinical studies showed varying outcomes in patients with CML who
discontinued TKI treatment. Some patients relapsed within six months,
while others achieved long-term TFR with rare late relapsed cases. Despite
TKI treatment, leukemic stem cells can be observed during TFR****, which
suggests that other factors contribute to maintaining long-term TFR. Var-
ious parameters may be associated with TFR, such as age, sex'””, Sokal
score'’, duration of TKI treatment'”'****! and the immune status****>,
The relationship between leukemia cells and the bone marrow micro-
environment is crucial for CML progression”>*”. However, the optimal
predictors of successful TFR remain undefined'**.

Mathematical models have been widely used to study the mechanisms
that regulate hematopoiesis and leukemia. In particular, in****, mathema-
tical modeling was employed to investigate the impact of chronic inflam-
mation on the development and progression of chronic Philadelphia-
negative myeloproliferative neoplasms, the effect of cytokine dependence of
leukemia cells on the course of acute myeloid leukemia, the responses of
CML patients to tyrosine kinase inhibitor treatment, and the competitive
dynamics of imatinib-resistant CML strains when exposed to second-line
medication.

Two separate studies have used mathematical models to investigate the
behavior of different types of blood cells in the context of diseases. In
Andersen’s work™", the focus was on stem cells, mature cells, and

malignant stem cells with mutations. The study confirmed that chronic
inflammation is a significant factor that triggers and drives the progression
of chronic Philadelphia-negative myeloproliferative neoplasm disease. In
Stiehl’s study™, the goal was to understand the impact of cytokine depen-
dence of leukemic cells on acute myeloid leukemia. Results showed that
cytokine-independent leukemic cell proliferation could be linked to early
relapses and poor overall survival.

The study by Fassoni et al.*' discussed a model used to analyze the
responses of CML patients to tyrosine kinase inhibitor treatment. The study
aimed to explore the influence of different dosing regimens on the treatment
outcome. The research revealed that the drug’s efficiency determines the
initial response, while the rare activation of leukemic stem cells limits the
long-term behavior.

In the study by Woywod et al.”*, a model was employed to investigate
the competitive dynamics among imatinib-resistant CML strains when
subjected to second-line medication like dasatinib and nilotinib. The study
delved into assessing the impact of mutation rates, initial populations, clonal
competition involving differential sensitivities, and the quiescence of
stem cells.

There is a scarcity of studies that use mathematical modeling studies to
investigate the possibility of TFR for patients with CML who have stopped
the treatment. In a recent study, a mathematical model was developed to
predict the possibility of relapse during the second attempt at treatment-free
remission*. The model describes the dynamics of the leukemia cell popu-
lation in response to TKI treatments and categorizes patients into two
groups based on the timing of relapse—early or late. However, the model
cannot explain why some patients achieve long-term TFR after treatment
discontinuation.

Understanding the clinical outcome of CML requires a good grasp of
the dynamics of the leukemic-related hematopoietic system. Mathematical
modeling has been used to predict the rapid increase in BCR-ABL1 when
treatment is withdrawn, and TFR would not be expected without stem cell-
niched interaction”". In recent years, various mathematical models have
been proposed to study how the bone marrow microenvironment or stem
cell niche regulates the hematopoiesis dynamics through their influence on
the HSC capacity**". However, these interactions alone cannot explain the
outcome of TFR, and other factors must be considered. For example, Fas-
soni and Glauche developed a mathematical model for CML that incor-
porates the immune system’s antileukemic effect and applied the model to
21 CML patients who ceased TKI treatment™ . The model provided strong
evidence that different immunologic configurations in patients with CML
determine their response to therapy cessation.

This study focused on exploring the mechanism underlying TFR in
CML patients, considering the interplay between leukemia stem cells and
the bone marrow microenvironment. We presented a mathematical model
of hematopoiesis that considers both normal and leukemia stem cells (LSCs)
and the leukemia-microenvironment crosstalk. We employed a stochastic
differential equations model to account for the high heterogeneity of the
disease progression among individual patients. We quantified the level of
leukemia in patients by measuring the ratio of leukemia cells to normal cells
circulating blood. The model incorporates imatinib therapy by increasing
the death rate of leukemia cells. By comparing model dynamics with clinical
data, we identified model parameters that can reproduce the three stages of
CML development. Furthermore, our model simulations allow us to
investigate the dynamics of patient responses after imatinib discontinuation,
providing evidence of how leukemia-microenvironment crosstalk plays an
essential role in predicting TFR for individual patients.

Results

Mathematical model of CML evolution dynamics

To quantitatively understand the evolution of chronic myeloid leukemia
(CML), we established a random differential equation model to study the
behavior of hematopoietic stem and progenitor cells (HSPCs) and leukemia
stem and progenitor cells (LSPCs) in the bone marrow microenvironment
(BMM). In the proposed model, we considered how leukemia cells interact
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Fig. 1 | Schematic representation of CML evolu-
tion driven by the tumor microenvironment.
Black arrows indicate cell interaction/transitions,
red arrows show the interactions associated with the
microenvironment, and grey arrows represent

cell death.
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with the surrounding niche, which leads to differences between the normal
microenvironment (NME) and the tumor microenvironment (TME).
Moreover, we examined the population dynamics of hematopoietic cells in
peripheral blood (PBHC) and leukemic cells in peripheral blood (PBLC) to
compare with clinical data. A diagram of the interactions is shown in Fig. 1.

In our model illustrated in Fig. 1, we assumed leukemia cells are pro-
duced from normal HSPC due to the random occurrence of BCR-ABL
fusion genes. Cytokines and intracellular signaling pathways regulate the
proliferation of HSPC and LSPC. As the stem cells differentiate into
downstream progenitor cells, the progenitor cells proliferate in the bone
marrow, and mature cells enter the peripheral blood compartment.
Through the model, we quantified the phases of CML through the ratio of
leukemic cells present in the peripheral blood.

Leukemia cells interact with their surrounding niche to create a
favorable environment for leukemia progression®**. Although we did not
delve into the specific molecular mechanisms of leukemia-BMM interac-
tions in our model, we introduced a variable Q, named the TME index, to
represent the microenvironmental condition that can change between NME
and TME. We assumed that leukemia cells can cause the transition from a
normal microenvironment (NME) to a tumor microenvironment (TME)
and that TME promotes the survival of leukemia cells. Additionally, TME
represses the survival of HPSC and increases the potential frequency of
generating leukemia cells from normal HSPC to LSPC. The red arrows in
Fig. 1 illustrate the interactions associated with the microenvironment. For
detailed mathematical model formulations, please refer to Methods.

Model validation with CML evolution

Clinically, CML is classified into three phases based on the number of
immature white blood cells (blasts) present in the blood or bone marrow.
These phases are chronic phase (CP), accelerated phase (AP), and blast crisis
(BC). According to the World Health Organization criteria, these phases are
defined as blast percentage of less than 10%, 10% to 20%, and beyond 20%,
respectively™'>”’. However, the exact disease age from the occurrence of
BCR-ABLI fusion gene is not known for a specific patient’™. Hence, to
validate the proposed model, we suggested a definition for the disease age
through the gene expression of a patient. We identified the model para-
meters and compared the simulated CML progression with the available
clinical data, as discussed in Methods.

We analyzed gene expression data in a group of patients with CML to
measure the progression of the disease. The study involved 42 patients in the
chronic phase, 17 in the accelerated phase, and 32 in the blast crisis phase (32
cases)”. Our findings revealed a positive correlation between CD34
expression and the progression of CML (Fig. 2a). To track the progression of
the disease, we proposed a disease progression marker through the CD34*
expression™. We then defined the CML progression age starting from the

merge of BCR-ABLLI cells through CD34 gene expression using the fol-
lowing formula (refer to Methods):

Tdisease age =AX [CD34] + B. (1)
Here, [CD34] represents the normalized CD34 expression level of a patient.
The coefficients (A, B) were chosen so that the disease ages of patients at CP,
AP, and BC phases were distributed separately (refer to Fig. 2b and Sup-
plementary Fig. 2).

The blast count in clinical data indicates the concentration of leukemia
cells in the peripheral blood, which is proportional to the number of PBLC in
the model. To track the disease progression stages of mixed-population
clinical samples, we compared the disease progression of different patients
with model simulation by analyzing the blast count versus the CML age
(Fig. 2¢). Different patients were modeled with parameters sampled over the
parameter ranges in Supplementary Table 1. The blue solid curve in Fig. 2¢
shows the simulated evolution of PBLC ratio after the occurrence of the first
LSPC, which was obtained from the average of multiple sample simulations.
Both clinical data and simulations reveal three stages of dynamics in the
blast counts, characterized by slow development during CP, fast increase
during AP, and high-level maintenance during BC.

Figure 2d shows the relationship between the PBLC ratio Rppic in
peripheral blood and the TME index during the progression of CML. The
ratio Rpprc and the TME index changed with the disease progression.
During CP, the TME index increased rapidly, while the ratio Rppic
increased slowly. During AP, the rate of change in the TME index slowed
down, while the ratio Rpp ¢ increased more quickly, resulting in the tran-
sition from CP to the BC phase. In the BC phase, the rate of increase in the
TME index further slowed down, and the ratio Rpg; ¢ rapidly increased until
it reached a saturation level. These findings supported the proposed model
and confirmed the three-phase dynamics of CML progression.

CML progression with imatinib therapy

Before 1975, clinical data indicated that the survival rate of CML patients was
very low. However, since 2021, there has been a significant improvement in
survival rate due to the use of tyrosine kinase inhibitor (TKI) therapy®. A
randomized CML study by the German CML study group with a long-term
evaluation of imatinib showed that the 10-year overall survival had reached
85-90%°"*". To model the progression of CML after imatinib therapy, several
effects of imatinib on the leukemia cells were assumed in the current study.
These effects include a decrease in the proliferation rate of LSPCs, an increase
in the apoptotic rate of LSPCs, and a decrease in the amplification rate from
LSPCs to PBLCs. Model parameters were then adjusted to reproduce the
long-term overall survival after continuous TKI treatment (Fig. 3a). Addi-
tionally, the parameters were fine-tuned to replicate the clinical data
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Fig. 2 | Data analysis of CML evolution. a CD34
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expression level of patients in three phases of CML 1.5¢

evolution: chronic phase (CP), accelerated phase
(AP), and blast crisis (BC). b Disease age versus
CD34 expression level through the equation (1).
Red, green, and black dots denote CP, AP, and BC
patients, respectively. ¢ Evolution of blast counts of
patients. Green, blue, and red dots denote CP, AP, Or
and BC patients, respectively. The blue curve
represents the average of 1000 sample simulations.
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depicting the rapid decrease of BCR-ABLI ratios in peripheral blood post-
TKI treatment administration (Fig. 3b). Virtual patients were first generated
in simulations based on the overall survival curve from clinical data without
treatment. Then, it was assumed that each patient was diagnosed and started
TKI therapy during the chronic or accelerated phases when the ratio of
leukemia cells in peripheral blood (Rpg;c) is 5—25%.

Figure 3¢ shows the time evolution of the ratio of leukemia cells in the
peripheral blood of 10 virtual patients who received continuous TKI
treatment. The results showed that the ratio of leukemia cells continuously
decreased in most patients, leading to complete molecular remission where
the leukemia cell ratio becomes undetectable. However, a few patients
receiving late treatment may still develop to death. Figure 3d shows the
evolution of the TME index of the patients. Following TKI treatment, the
TME index continued to rise before eventually decreasing to a low value,
indicating a normal microenvironment after continuous treatment.

Simulations showed that the timing of TKI treatment initiation sig-
nificantly influenced the changes in achieving complete molecular remission.
Those patients diagnosed and treated earlier, when the PBLC ratio is low,
have a much higher probability of long-term survival. On the other hand,
patients diagnosed in the blast crisis phase, where the PBLC ratio is greater
than 20%, experience a significant decline in the survival rate (Fig. 3e).

The combination of PBLC ratio (Rppc) and the TME index provided
insights into the progression of CML to complete molecular remission after
imatinib therapy (Fig. 3f). As the recovery process began, Rpp;c rapidly
decreased from the blast crisis (BC) phase towards the accelerated phase
(AP), while the increasing rate of the TME index slowed down (also referred
to Fig. 3d). In the chronic phase (CP), Rppc was typically very low
(Rpprc < 1%), and the TME index decreased toward the normal micro-
environment, while Rpp; ¢ slowly decreased towards complete remission. It
is worth noting that the TME index can differ for the same level of PBLC
ratio in the two processes during the CP, indicating a distinction between
CML progression and the remission process. This prompted us to examine
whether microenvironment conditions played a crucial role in treatment-
free remission after discontinuing imatinib.

CML progression after imatinib discontinuation
We further investigated the progression of CML after discontinuing ima-
tinib treatment. Following the above simulation of imatinib therapy, we

stopped the treatment when the peripheral blood leukemia cell (PBLC) ratio
reached 0.01% (Rgop = 0.01%) and continued to model the progression of
the disease for a minimum of 15 years. Our simulation results, presented in
Fig. 4a, revealed that some virtual patients experienced a recurrence of
leukemia cells soon after discontinuing TKI therapy. However, others
showed long-term treatment-free remission (TFR) with an extremely low
PBLC ratio in peripheral blood.

In Fig. 4b, ¢, we showed the typical dynamics for virtual patients who
relapsed and those who achieved treatment-free remission (TFR). Both
cases showed very low PBLC ratios and LSPC numbers at treatment dis-
continuation (indicated by stars). However, the relapsed patient (shown in
red) exhibited an increase in Rppy and a decrease in the TME index shortly
after treatment stopped, followed by a quick increase in Rpp; c and the TME
index, leading to irreversible AP. On the other hand, the TFR patient (shown
in blue) demonstrated a continuous decrease in the TME index. Initially, the
Rppyc was increased, followed by a rapid decline towards a state of TFR.

Based on the relationship between the TME index and LSPC levels, we
defined a critical line (indicated by the black dashed line in Fig. 4¢) that can
determine whether a patient will experience tumor relapse or TFR. This
critical line helps in predicting the outcomes of treatment discontinuation. If
a patient’s trajectory passes this line, it indicates a decrease in the LSPC
number and TME index, leading to TFR. On the other hand, if the patient’s
trajectory does not cross this line, it indicates an increase in the LSPC
number and TME index, leading to the tumor relapsed (Fig. 4c). For more
detailed information, please refer to the discussions in “Methods”.

We compared the periods required for developing into AP during the
early stage of the disease progression and the relapse stages of each relapsed
patient. Our analysis revealed that the periods in the relapse process were
much shorter than those in the early progression stage. As per our findings,
the relapse process typically progressed to AP in less than six years, as can be
seen in Fig. 4d. This outcome is indicative of the fact that the relapse process
progresses at a faster pace compared to the early stage of the disease.

The dynamics described above suggested that a PBLC ratio threshold
of Rpprc>10% could serve as a criterion for detecting leukemia cell
recurrence. By using this threshold, we generated the molecular relapse-free
survival (RES) curve for a cohort of 2000 virtual patients who stopped
treatment at MR4.0 (PBLC ratio Rpp;c < 0.01%) (Fig. 4e). In our analysis,
molecular relapse was identified at Rpprc>1% and confirmed when
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Fig. 3 | CML evolution for patients under continuous imatinib treatment.

a Overall survival rates of CML patients. The red dotted line represents data from
MD Anderson Cancer Center for patients who received no treatment®. The blue line
represents the model simulation of patients without treatment. The magenta dotted
line represents data from the German CML study group since 1983, The green line
represents the simulation of patients who received continuous imatinib treatment.
b Decreasing of the BCR-ABLI ratio after imatinib therapy in patients with CML.
The BCR-ABLI ratio is defined as %, as described in Clapp et al.”>, where
[PBLC] and [PBHC] represent the counts of leukemia cells and hematological cells
in the peripheral blood, respectively. The dots show the clinical data obtained from
Clapp etal.”?, in which the patients responded well to imatinib. ¢ The dynamics of the
PBLC ratio (Rpgyc) for 10 virtual patients who received continuous imatinib

therapy. The therapy was initiated randomly for each patient after the PBLC ratio
(RppLc) reached a level between 5% and 25%. The triangle markers indicate the start
of TKI therapy, while the dots at the end of some curves show the death of those
patients. d The dynamics of the TME index. Data were obtained from the group of 10
virtual patients. e The percentage of CML patients achieving complete molecular
remission varies based on their PBLC ratio at treatment initiation, noted by Rya.
f The relationship between the PBLC ratio and TME index during CML progression
before and after continuous imatinib treatment. Data were obtained from the group
of 10 virtual patients. All parameter values are the same as in Supplementary Table 1.
Initial values of [HSPC] and [PBHC] are set to 1.8 x 10° and 1.44 x 10”cells,
respectively, and the values of [LSPC], [PBLC], and Q are set to zero.

Rpprc > 10%. We defined the timing of molecular relapse as the point when
Rpp; ¢ reaches 1%, and there was a subsequent time lag of approximately
5 months for RFS to decrease after treatment cessation. The simulation
results aligned with clinical trials, where nearly 43% of patients rapidly
experienced  molecular  recurrence upon  discontinuing  the
treatment'*'****". The molecular relapse-free survival curve displayed a
clear plateau, indicating a positive long-term TFR outcome. Therefore, the
findings from both clinical studies and modeling simulations supported the
existence of two distinct patient groups: those prone to early molecular
relapse and those capable of achieving TFR after TKI discontinuation. It has
been observed that the RFS curve takes around 2 years to reach a plateau.
However, clinical data shows that most relapses occur within 6 months after
stopping the treatment. This suggests that other mechanisms not included
in the current model might be at play, accelerating relapse progression.

Mechanisms of treatment-free remission after imatinib
discontinuation

We conducted a study to examine the factors associated with molecular
relapse following the discontinuation of imatinib. To do so, we analyzed the
virtual patient responses under various conditions before the treatment was
stopped. Our findings suggested that the PBLC ratio at the time of treatment

stop (Ryop) is a crucial factor in determining molecular relapse-free survival.
Higher levels of the ratio Ry, increased the potential for early molecular
relapse while decreasing the probability of treatment-free remission (TFR)
(Fig. 5a).

In addition, the duration of imatinib treatment after diagnosis or the
duration of deep molecular response (DMR) (MR4.0 or lower) before
imatinib discontinuation is closely related to the probability of TFR". Our
model simulations showed that stopping imatinib treatment too early
(within 3 years) can result in a high relapse probability (over 50%) and
should be avoided. However, the probability of cumulative relapse can be
reduced to 40% after 4 years of treatment and 10% after 5 years of treatment
(Fig. 5b).

Furthermore, our study indicates that prolonging the duration of DMR
is linked with an increased likelihood of TFR. Extending the DMR for one
more year before discontinuing imatinib treatment increases the probability
of achieving TFR to above 90% (Fig. 5¢). However, the model simulation did
not replicate the clinical data, as the EUROSKI study found that an addi-
tional year of DMR only increased the TFR rate by 2-3%®. One possible
explanation for this discrepancy is the potential decay in drug efficiency
during the later stage of treatment. Nevertheless, we did not detail this issue
due to the deficiency of evidence and left it for future studies.

npj Systems Biology and Applications| (2024)10:45



https://doi.org/10.1038/s41540-024-00370-4 Article
6
a b 30 c 39 -
40 2R
25 2.5+ y \
4
— Ty AN
Q 30t 2t ’ \ \
s g / vl
1.5} ’ 1
@ 20 @ ’ oo
o V \
a4 1 7 \ |
V4 1
10 .
0.5 H 1 1
] /7 _ 7
0 y : 0 = -
0 5 10 15 20 0 0.5 1 0 0.5 1
Time (year) TME index TME index
d 312 . - , : : e 100 ; ; : ;
> 7
= . 7
g 10 . 1 80|
& .
i 8 L J Py
9 V4 < o\o 60 L
(@)] 7 S
£ 6f 7 1 wn
5 L
_8 4l P °/ 5 . :o R ] Y 40 L
(a 4 ° o ‘go (- -1
7 ®_% [
s ol L7 e 208 ° % 20¢
- 7,
] 7,
E o * : : : 0 : : : :
F o 2 4 6 8 10 12 0 1 2 3 4 5

Time to AP prior treatment (year)

Fig. 4 | CML evolution for patients with discontinuous TKI therapy. a Dynamics
of PBLC ratio (Rppyc) for virtual patients with TKI therapy initiated randomly when
5% < Rpp1c < 25% and stopped when Rpp; ¢ = 0.01%. The starting and stopping
points of TKI therapy are marked with triangle and square markers, respectively.
The circle points at the end of the curves indicate the death of the virtual patients.
b Typical trajectories of PBLC ratio versus TME index for two patients with relapse
(red) and TER (blue) after treatment discontinuation. The trajectories before and
after treatment discontinuation are shown with dashed and solid lines, respectively.

Time since TKI stop (year)

The stars indicate the points of treatment discontinuation. ¢ Trajectories of LSPC
versus TME index for the two patients in (b) with relapse (red) and TER (blue). The
vertical black dashed line shows the critical line (Q = 0.127) of the TME index that
separates the fate of either tumor relapse or TFR. The critical value is discussed in
Methods. d Comparison of the time to AP during phases of prior treatment and
during the relapse process after stopping treatment in each relapsed patient.

e Molecular relapse-free survival (RFS) curve after TKI stop. All parameter values are
the same as in Supplementary Table 1.

To study the mechanisms of TFR after discontinuing imatinib, we
divided virtual patients into two groups—relapsed or long-term TFR—and
analyzed the combination of bone marrow leukemia cell ratio and the TME
index at the time of treatment cessation. It’s important to note that many
TFR patients still have residual leukemia cells in their bone marrow. We
found that the TME index was generally higher in relapsed patients than in
TFR patients (Fig. 5d). After treatment discontinuation, both relapsed
patients and TFR patients experienced an increase in bone marrow leuke-
mia cell ratio and a decrease in TME index during the first year (Fig. 5d, e).
However, in the long term (3 years after treatment discontinuation),
relapsed patients experienced an increase in both bone marrow leukemia
cell ratio and TME index, while TFR patients maintain low leukemia cell
ratios (Ryspc < 5%) in the bone marrow and small TME indices (Fig. 5f).

Our model includes a time-dependent function called #(¢), which
represents external factors that could affect the production of leukemia cells
from normal HSPC:s. This function is essential in modeling the initiation of
leukemia cells and could also influence the recurrence rate of leukemia after
treatment withdrawal. To avoid the possibility that mutations could induce
tumor relapse, we have selected a specific pattern of mutation frequency that
makes the factor #(t) extremely low at the time of treatment withdrawal.
Thus, leukemia recurrence or TFR after treatment withdrawal depends not
on external factors but on the interactions between microenvironment
conditions and leukemia cells.

To gain a better understanding of the different responses observed after
treatment discontinuation, we used a simplified ordinary differential

equation model that considers only HSPC, LSPC, and the TME index (Q)
(see equation (3) in “Methods”). This model describes the interaction
between hematopoietic stem progenitor cells and the microenvironment.
We studied the distinct responses after treatment discontinuation at MR4.0,
corresponding to the bistability of two steady states. We set the initial
conditions at [HSPC] = 1.0 x 107 and [LSPC] < 2000, so that the BCR-ABL1
ratio % is less than 0.01%. We varied Q from 0 to 1 and used this

initial condition to solve equation (3). The results showed that solutions with
a small initial TME index tended to converge to a steady state without LSPC
(Fig. 6a), which correspond to the situation of TFR, while solutions with a
large initial TME index converge to a steady state with a high level of LSPC
(Fig. 6¢), which indicate the situation of tumor relapse. Figure 6b shows
regions of initial values of [LSPC] and the TME index that either developed
to TER (green) or tumor relapse (orange). These results reveal the different
responses after treatment discontinuation depend on the TME index at
treatment discontinuation.

Prediction of treatment-free remission

We conducted a study to determine the factors predicting treatment-free
remission (TFR) after stopping imatinib treatment. We analyzed the ratio of
leukemia cells in peripheral blood (Rpp;c) and the tumor microenviron-
ment (TME) index in two groups of virtual patients at 1, 3, and 6 months
before stopping imatinib treatment (Fig. 7a—c). Our findings showed that
the TME indexes can effectively distinguish between the two groups of
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Fig. 5 | Mechanisms of TFR after imatinib discontinuation for virtual patients.
a Molecular relapse-free survival (RFS) curves of virtual patients stopped imatinib
therapy at PBLC percentage level Rpg;c = 0.01%, 0.05%, 0.1%, respectively.

b Molecular relapse-free survival curves for virtual patients who stopped imatinib

therapy after treatment for 2, 3, 4, and 5 years, respectively. ¢ Molecular relapse-free
survival curves of virtual patients who stopped imatinib therapy when PBLC

percentage level reaches MR4.0 (Rppr.c = 0.01%), or with 6 or 24 more months of
treatment after Rppyc = 0.01%. d—f LSPC percentage and TME index at the time of
stopping treatment, 1 and 3 years after stopping treatment for virtual patients,
respectively. Treatment is stopped when the PBLC percentage level reaches

Rpprc =0.01%. Red dots represent relapsed patients, and blue dots represent TFR
patients after treatment discontinuations.
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of LSPC.
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virtual patients. Those who achieved TFR had the values of TME index less
than 0.5 at 6 months before stopping the treatment, and the value of Rpg; ¢
decreased towards the stopping condition of MR4.0 (Rpp; < 0.01).

The above observations suggested that the combination of PBLC ratio
and TME index can be used to predict the probability of TFR in patients who
stop imatinib treatment. To do this, we examined different predictors based
on the values of Rpp;c and the TME index before treatment was stopped.
These predictive criteria are classified as follows:

« P1: Rppic < 0.05%, TME index < 0.5;
e P2: Rppic <0.05%, TME index < 0.4;
« P3: Rppic < 0.01%, TME index < 0.5.

We analyzed the molecular relapse-free survival curves for patients who
stopped treatment after satisfying P1 or P2. The results showed that 78% of
patients who stopped treatment 3 months after satisfying P1 achieved TFR
(Fig. 7d). This is higher than that achieved TFR under the stopping condition of
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Fig. 7 | Prediction of treatment-free remission for virtual patients. a-c TME index
and Rpp; ¢ for TER patients (blue dots) and relapsed patients (red dots) at (a)

1 month, (b) 3 months, and (c) 6 months before stopping the imatinib treatment.
Dashed lines indicate the separation with TME index Q = 0.5. d Molecular relapse-
free survival (RFS) curves for patients who stopped treatment at 3 months, 6 months,
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or 12 months after satisfying the predictive criterion P1. e RFS curves for patients
who stopped treatment at 3 months, 6 months, or 12 months after satisfying the
predictive criterion P2. f Molecular relapse-free survival (RFS) curves for patients
who stopped treatment at 1 or 3 months after satisfying the predictive criterion P3.

MR4.0, as shown in Fig. 4e. If a more strict condition like P2 is applied, the
probability of TFR can increase to 90% (Fig. 7¢). The RFS showed no significant
difference for conditions P1 and P2 if the treatment was stopped 6 months or
later after the conditions were met, as shown in Fig. 7d, e. However, if a more
stringent criterion like P3 was applied, it was found that about 98% of patients
could achieve TFR if the treatment were stopped at 1 month later, and 100% of
patients could achieve TFR if the treatment were stopped at 3 months after the
condition P3 was met (Fig. 7f). Based on model simulations, these results shed
light on how the combination of PBLC ratio and TME index can help predict
the outcome of TER after treatment discontinuation.

Treatment-free remission related parameters

In this section, we discussed the parameters related to TER responses. We
analyzed the parameters for two groups of patients: those who experienced
early relapse and those who achieved TFR after treatment discontinuation
(as shown in Fig. 8). Here, we mainly focused on the parameters associated
with leukemia cell proliferation and apoptosis and the regulation of TME.
Our findings indicated that the two groups have distinct preferences in
terms of the leukemia cell proliferation rate (1) and the repression of TME
to HSPC survival (6,5,). Patients who relapsed tend to have a larger value of
LSPC proliferation rate and a lower survival rate of HSPC under tumor
microenvironment. Moreover, we observed that the parameters associated
with the transition between normal and tumor microenvironments, namely
xrand 6,,, showed different performances for the two groups of patients. TFR
patients have higher rates of restoring NME from TME, «;, and a highly
effective TME in inhibiting TME depletion, ;. There was no significant
difference in other parameters shown in Fig. 8.

We conducted a sensitivity analysis of the primary dynamic para-
meters for the two groups of patients to investigate the parameter depen-
dences further. For the group of patients who underwent TFR, the duration
of continuous TKI treatment required to achieve MR4.0 is strongly and

positively correlated with the transition rate from normal to tumor
microenvironment (k). In contrast, it is negatively correlated with the
apoptosis rate of LSPC (y1), as well as parameters associated with TME
regulation (6, 6, and 6) (Supplementary Fig. 5a). For the group of relapsed
patients, the survival time since TKI treatment is positively linked with the
promotion of TME to leukemia cell survival (6, and y;) and negatively
linked with the proliferation rate of LSPCs (f;) and the transition rate from
normal to the tumor microenvironment (xq) (Supplementary Fig. 5b).

Second attempt at treatment-free remission

We further investigated the chances of achieving TFR in patients who
experienced molecular recurrence after their first TKI discontinuation. To
do this, we resumed treatment when Rpp; c was equal to or greater than 10%
and then stopped it again at MR4.0. The time evolution of Rpg; ¢ is shown in
Fig. 9a. During the second TKI treatment, some patients who relapsed after
the first TKI discontinuation can achieve TFR after stopping the treatment
at the second attempt, as indicated by the cyan dots in Fig. 9¢, d. This result
confirmed that failing the first TKI discontinuation attempt does not
necessarily indicate failure of a second TKI discontinuation, as observed in
clinical trials”**. However, some patients with a high value of TME index at
both the first and second treatment stops relapsed again after the second TKI
discontinuation (shown as red dots in Fig. 9¢, d).

Model simulations showed that the molecular relapse-free survival rate
was significantly higher after the second treatment was stopped than after
the first attempt (see Fig. 9b). This result is reasonable because the patients
who failed after the first TFR attempt received the second TKI treatment
when Rpg; ¢ reached 10%, earlier than most newly diagnosed patients. As
seen in Fig. 9d, many patients who achieved TFR after the second stopping
treatment have a low value of the TME index. Our simulation showed that
the TFR rate increased from 57% after the first TKI discontinuation to about
90% after the second TKI discontinuation.
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rates of transformation from NME to TME, and rates of restoring NME from TME,
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However, clinical reports from the French RE-STIM study suggested
that there was no significant difference in the TFR rates between the firstand
the second treatment discontinuation”. Clinical trials suggested that the
most important factors for estimating the second TFR success are the speed
of molecular relapse and the TKI-free duration after the first TKI dis-
continuation attempt”’. The discrepancy between modeling simulation and
clinical studies suggests that other factors that may affect the success of the
second TFR attempt were not considered in the current study. Moreover,
although there are many studies and guidelines on the first TER, only very

few studies on the second TFR®. More data is still needed to understand
better the second TFR attempts in patients with CML.

Importance of tumor microenvironment dynamics

The current study proposed that the interaction between leukemia stem cells
and the tumor microenvironment (TME) is a crucial factor in determining
patient outcomes after discontinuing imatinib treatment. We found that the
positive feedback loop between leukemia cells and TME is responsible for
the different responses between early relapse and long-term treatment-free

npj Systems Biology and Applications| (2024)10:45



https://doi.org/10.1038/s41540-024-00370-4

Article

remission (TFR). To determine the necessity of this feedback loop, we
conducted further investigations by modifying the model to assume a
constant TME index. We then examined how the virtual patients responded
after discontinuing treatment when subjected to this constant TME index.
The results, presented in Supplementary Fig. 6, showed the time courses of
PBLC ratios for patients with constant TME indices and treatment dis-
continued at MR4.0 (PBLC ratio Rpgrc < 0.01%).

When the TME index equaled 0 or 0.05, most patients remained in
the chronic phase (CP) and did not require any treatment. For the
minority of patients who did receive treatment, more patients did not
have molecular recurrence after treatment was stopped, as shown in
Supplementary Fig. 6a, b. However, as the TME index increased to 0.1
and 0.15, the percentage of patients who progress to the accelerated (AP)
and blast crisis (BC) phases after treatment discontinuation obviously
increased (Supplementary Fig. 6¢c, d). When the TME index was even
higher, at 0.2 or 0.5, all patients might progress to the BC phase after
treatment discontinuation (Supplementary Fig. 6e, f). Therefore, main-
taining the TME below 0.15 was necessary to achieve TFR after treatment
discontinuation if we assumed a constant TME.

Figure 10 displays the distributions of PBLC ratio (Rpprc) from 1 to 7
years after treatment discontinuation. The results demonstrated that when
TME changes dynamically, there can be a bimodal distribution of Rpg; ¢ five
years after treatment discontinuation. On the other hand, a constant TME
can only result in an unimodal distribution in Rpg;c. These findings sug-
gested that the interaction between the microenvironment and leukemia
stem cells, which brings about dynamic changes in TME, is crucial for the
dual responses observed after treatment discontinuation.

To better understand how CML evolves under different TME condi-
tions, we analyzed the time it takes for patients to reach the accelerated phase
(AP) and blast crisis (BC) stages since the appearance of BCR-ABLI cells. We
found that patients with dynamically changing TME took varying amounts of

time to reach AP, with the range falling between those for patients with
TME = 0.05 and TME = 0.1 (Supplementary Fig. 7a). On the other hand, the
time taken for patients to reach the BC phase, with dynamically changing
TME, was similar to that for patients with TME = 0.1 (Supplementary Fig.
7a). Based on these results, we conclude that a TME value less than 0.1 is
necessary for a reasonable replication of the progression of CML evolution.

In addition, we examined the survival curve of virtual patients who
received continuous treatment. Our findings revealed that the model could
only replicate an 80% survival rate if the constant TME index was as high as
0.95, as shown in Supplementary Fig. 7b. However, we observed that when
TME exceeded 0.5, all patients experienced molecular recurrence after the
withdrawal of TKI (Supplementary Fig. 6f), which contradicts experimental
observations. Therefore, we concluded that the constant TME index is
unlikely to reproduce CML evolution dynamics for both the treatment
discontinuation and continuous-treatment scenarios. As a result, a dyna-
mically changing TME index is essential for CML evolution.

Discussion

Chronic myeloid leukemia (CML) is a rare form of cancer that heavily relies
on a single genetic mutation. Tyrosine-kinase inhibitors (TKIs) have been
crucial in treating patients with CML. Many patients receive a deep mole-
cular response after five or more years of treatment. Recently, it has become
common to recommend discontinuing TKI treatment to achieve treatment-
free remission (TFR). Clinical studies have shown that roughly 50% of
patients with sustained deep molecular response can discontinue TKI
treatment and remain in TFR. However, most relapses occur within the first
six months. For those who do relapse, most of them can regain major
molecular responses by resuming the original TKI treatment, and some can
even achieve a second TFR after the first attempt failed. Nonetheless, the
factors determining the success of TFR are not well understood, and
research is ongoing to identify predictors.
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Fig. 10 | Evolution of PBLC ratio distribution after TKI treatment dis-

continuation for virtual patients. Four-row panels show the distributions of PBLC
ratios at 1, 3, 5, and 7 years after TKI treatment discontinuation for virtual patients
with dynamically changed TME based on the proposed random differential equation

model (TME(#)), or constant TME with TME =0, 0.1, and 0.15, respectively. Here,
tsop indicates the time point of TKI discontinuation. The mortalities of virtual
patients were ignored in model simulations. The distributions are calculated from
1000 samples for each case.
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Although TKI treatment can significantly reduce leukemia cells, it may
not eliminate all of them®. Recent studies suggested that CML stem cells can
persist in some patients even after TKI discontinuation™. Patients who have
few residual leukemia cells after discontinuing TKI treatment may experi-
ence either early relapse or long-term TFR, leading to a dichotomy in
outcomes. The tumor microenvironment (TME) may be critical in reg-
ulating the production and survival of progenitor cells, affecting the success
of TFR.

A stochastic mathematical model was developed in the current study to
investigate CML progression after TKI discontinuation. The model was
designed to explore the dynamics of CML progression with and without
imatinib therapy. We validated the model against the three CML evolution
phases and clinical overall survival curves. The model predicted the
dichotomous response of patients to imatinib discontinuation, which is
consistent with clinical observations. Additionally, the model highlighted
the significance of the TME index, which changes dynamically due to
feedback between leukemia stem cells and the microenvironment. The TME
index is important for understanding the two possible outcomes of patients’
response to imatinib discontinuation.

Based on model simulations, we proposed that a combination of the
ratio of leukemia cells in peripheral blood (PBLC) and the TME index can
be useful in predicting patients with TFR after the treatment is stopped
(Fig. 7). However, it is important to note that the TME index used in the
model is a theoretical value that does not correspond to any specific
molecular mechanisms. Our purpose is to differentiate between normal
and tumor microenvironments, and it cannot be directly linked to clinical
measurements. Several factors in the microenvironment have been
associated with the disease progression. For instance, physiologic
hypoxia supports the maintenance of CML stem cells”. Additionally,
modifying the bone marrow microenvironment through osteoblastic
cell-specific activation of the parathyroid hormone (PTH) receptor can
attenuate BCR-ABL1-induced CML-like myeloproliferative neoplasia®”.
Measuring the condition of the microenvironment as the disease pro-
gresses remains a challenging task.

Our study conducted an attempt to explore TFR in CML patients
through a mechanism-driven mathematical model. Unlike previous
mathematical modeling studies that only considered the leukemia cell
population dynamics*™**"", we incorporated the interaction between
leukemia cells and the microenvironment. Our novel findings highlight the
significance of the interaction between tumor cells and the microenviron-
ment. They suggest that a normal microenvironment can maintain the state
of TFR, even when minimal residual leukemic cells are present. Addition-
ally, the positive feedback between leukemia cells and the tumor micro-
environment is an important mechanism that explains the two distinct
patient groups: those prone to early molecular relapse and those capable of
achieving TFR after TKI discontinuation. In contrast, previous population
dynamical models indicate that all patients would relapse after stopping the
TKI treatment**".

Moreover, the relationship between TME and physiological indices ina
clinical setting requires further investigation. In summary, our study
highlights the importance of the microenvironment in TFR. Effective
methods to measure and control the microenvironment can play a crucial
role in improving cancer therapy and achieving the final goal of TER.

At its current stage, the model is primarily conceptual and requires
further refinement to incorporate additional details. These potential
enhancements include addressing the heterogeneity of leukemic stem cells,
considering mutations that can lead to drug resistance, accounting for
external perturbations affecting the microenvironment, and providing more
detailed descriptions of the microenvironment.

There are two issues with the current model that need further
consideration. First, our proposed model has a drawback related to
delay. Clinical data indicates that most relapses occur within the first
six months of therapy discontinuation. However, in our model, it takes
around two years for the molecular relapse-free survival (RFS) curve
to reach a plateau (Fig. 4e). This suggests that there may be additional,

possibly unidentified, factors that contribute to the rapid relapse fol-
lowing treatment discontinuation.

Second, there is a drawback related to improving the RFS rate after
prolonged DMR before treatment discontinuation. Our model simu-
lations suggest that one more year of DMR before treatment stops can
significantly increase the RFS rate. However, the EUROSKI study found
that an additional year of DMR can only increase the RES rate by
2 — 3%, Therefore, extensive investigations are needed to better
understand and address these aspects of the long-term dynamics of
hematopoiesis in response treatment.

We have proposed a method of determining the disease age through
CD34 expression, which is crucial in measuring the progression of the
disease. However, it is important to note that the exact age of the disease is
often unknown since the appearance of the first BCR-ABLI cell is usually
undetectable. Clinically, the disease age may not necessarily correspond with
the elapsed time but instead with BCR-ABLI ratio levels, which requires
further investigation.

Methods

Mathematical model formulation

Based on the assumptions presented in Fig. 1, the process of chronic
myeloid leukemia (CML) evolution can be described using the
dynamics of the cell population numbers of hematopoietic stem pro-
genitor cells ([HSPC]), leukemia stem progenitor cells ([LSPC]),
hematopoietic cells in peripheral blood ([PBHC]), leukemia cells in
peripheral blood ([PBLC]), and the tumor microenvironment (TME)
index (represented by Q).

The proliferation of HSPC and LSPC is regulated by cytokines and
intracellular signaling pathways. Despite the complexity of these pathways, a
phenomenological formulation of Hill function dependence can be derived
from simple assumptions regarding the interactions between signaling
molecules and receptors*””’. Put simplicity, the proliferation rates of HSPC
and LSPC decrease as the number of cells increases. These decreasing

functions can be expressed as Hill-type functions and

Bu
1-H([HSPCJ+p, [LSPC]) /0y
WZ[LSPCD/%’ respectively. Here, By and f3;, represent the maximum
proliferation rates of HSPC and LSPC, respectively. The constants i and 6;,
represent the half-effective cell numbers that are related to the repression of
proliferation pathways. Additionally, p; and p, denote the relative strength
of growth inhibitors released by LSPC with respect to HSPC.

The apoptosis rates for different cells are denoted by ux (X=H,L,
PH, PL). The differentiation rates of HSPC and LSPC from bone marrow to
peripheral blood are denoted by xx (X=H,L). Before entering the per-
ipheral compartment, both HSPC and LSPC go through a process of cell
proliferation that amplifies their numbers. The rate of amplification rates are
assumed to be ay and a, respectively.

The TME index Q is a numerical value ranging from 0 to 1. A
higher value of Q means that tumor cells are more likely to survive, and
the transition from normal to tumor microenvironment is controlled by
tumor cells in the bone marrow. We hypothesized that leukemia cells
might accelerate the shift from normal to tumor microenvironment,
leading to an increase in the TME index with a rate « %. On
the other hand, the tumor microenvironment can impede the transition
from tumor to normal condition, causing the TME index to decline with

Q
a rate Kr W/Gq)s

Cell survival depends on the microenvironment’s condition, and the
apoptosis rate for LSPC decreases with an increasing TME index Q,

expressed as Additionally, we assumed that the tumor micro-

M
. 1HQ/0,7" . ) .
environment hinders the survival of HSPC by promoting apoptosis at a

qh
Tate Ho 1 q/6,, 7

To simulate the process of disease origination, we assumed that leu-
kemia cells are randomly generated from normal HSPCs in healthy indi-
viduals. This was modeled using a Poisson random number, which is
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denoted by ¥([HSPC], #) and is dependent on the rate of BCR-ABLL1 fusion
gene formation (#) and the number of normal cells [HSPC]. The expected
number of LSPCs generated from HSPCs per day is given by

E[¥] = 5(2) X [HSPC](®),

where the time-dependent function #(f) takes into account the varying
probability of fusion gene formation over time.

Our study also considered the impact of the tumor microenvironment
(TME) on the creation and survival of cells with fusion genes. To achieve
this, we used a model that combines the TME-induced promotion of leu-
kemia cell formation, represented by 6(Q), and a phenomenological func-
tion, #o(f), which describes the time-dependent rate of fusion gene
formation during disease progression. Thus, the time-dependent function
n(t) is expressed as

1 = 8(Q) X n,(t).

The factors contributing to the formation of the BCR-ABLI fusion
gene are still not fully understood. It is known that abnormal stem cell
niches, such as toxic microenvironments, are associated with the develop-
ment of many cancers, including the persistence of cancer stem cells. To
model the origin and progression of CML, it was assumed that micro-
environmental conditions may be linked to the formation of leukemia cells.
The promotion of leukemia cell formation by the TME is expressed by a
Hill-type function as

(Q/6)"

B GIAY

+ &-

The bifurcation analysis with constant mutation rate #q presented in
Supplementary Fig. 3 suggests that if the value of 7, remains low, ie., less
than 107°, normal stem cells will dominate the bone marrow, thereby pre-
venting the progression of CML to the blast crisis (BC) stage. However, if the
value of 7, is high, i.e., greater than 1073, treatment-free remission (TFR) is
not possible after stopping the treatment. Thus, to reproduce the whole
process from disease initiation to TER after stopping the treatment, the
function #o(f) must vary with time so that #(f) takes a high value during the
onset of CML and decreases to alower value at a later stage. To illustrate this,
we assume that the value of 7o increases from 0 to a high level during the
disease progression and eventually decreases to a lower level. We repre-
sented this requirement as a continuous function below:

X ! X ! i
1+ e—t/oAl 1+ e—(t—t,)/rl 1— e(t—tz)/rz

qo(t) =

Here, t; and ¢, are constants used to control the timing of increasing and
decreasing of the function 7o. The parameters 7; and 7, regulate the shape of
the function. The units of these constants are in years. Supplementary Fig. 1
shows the graph of the function 7o(), which indicates a pulse increasing at
t=0 followed by a decrease to zero at the later stage.

The feature of a pulse increasing in the function #o(f) is crucial in our
study, while the mathematical formulation is insignificant. The underlying
regulation mechanisms for the increasing and decreasing #o(f) are unknown
biologically and can be highly diverse for different patients. Therefore, we
only consider a time-dependent function #,(¢) in our study, leaving the issue
of modeling the production of leukemia cells for future considerations. In
our study, we always set ¢ = 0 as the timing of the rapidly increasing rate of
fusion gene formation, which leads to the production of leukemia cells.

Based on the above assumptions, CML progression can be modeled
using the following random differential equations (RDEs):

- By (@Q/8,)
d[HSPC] = {m ~ (1 +#ho W) - "H}
x [HSPC]dt — W([HSPC], #)dt,
— B _ I _
d[LSPC] = <1+<[HSPC1 RSP B, T Q6 "L) [LSPC]dt
+ Y(HSPC], )dt,
d[PBHC] = (ayxy[HSPC] — pupy[PBHC])dt,
d[PBLC] = (ay#,[LSPC] — pp [PBLC])dt,
_ (qLspCy/9)" Q
dQ = (KQ rrqeayer (1 — Q) — & 1+(Q/9‘1)~‘> dr.

@

Furthermore, to better understand the mechanism of TFR, we simpli-
fied the above random differential equation model. This simplified model
includes only the components of HSPC, LSPC, and the TME index (Q). We
omit the fusion gene formation as it is irrelevant to our current focus on
tumor cell recurrence independent of the formation of the BCR-ABLI fusion
gene. The resulting ordinary differential equation (ODE) model is as follows:

d[HSPC] __ B (Q/6,)
= {IH[HSPCH};[%[LSPC])/BH ~Hu (1 Tt 1+<Q/q?aqh>2 "
x [HSPC],
dlLSPC] _ B I
T = (1+([HSPC]+];)Z[LSPC])/0L - 1+(QL/6[,1)Z - KL) [LSPC],
dQ __ ([LSpC)/0)"

Q
T = Korr ey (1 —Q —# T+(Q/6,)
(3)

This ODE model describes the interactions between hematopoietic stem
progenitor cells and the microenvironment, which is essential in under-
standing the TFR phenomenon.

Imatinib treatment
In the modeling of imatinib treatment, we did not consider the likelihood of
drug resistance. It was assumed that imatinib would lead to a significant
decrease in the proliferation rates of LSPCs and a significant increase in the
apoptosis rate of LSPCs. Upon implementation of imatinib, it was assumed
that the proliferation rate () and the amplification rate (a;) of LSPCs
would decrease to fi/d; and op/d,, respectively. Additionally, it was
assumed that the apoptosis rate of LSPCs (u1) would increase to dsyy. Here,
dy, dy, d3 > 1. Thus, we make the replacement
o, — a;/d,,

B — Bi/dy,

in the equation (2) to demonstrate the effect of imatinib treatment.

py, = dapy

Data analysis
We conducted an analysis of the GEO database (GSE4170)” to quantify the
progression of CML evolution. This dataset contains gene expression data
from 91 CML patients in three phases: chronic phase (with 42 cases), accel-
erated phase (with 17 cases), and blast crisis (with 32 cases). In CML, leukemia
stem cells are characterized by CD34" expression. A similarity score based on
CD34" expression has been proposed as a maker for CML progression™. As
such, we compared CD34 expression levels across the three phases, which
showed that the average CD34 expression level increases with CML pro-
gression (Fig. 2a). Therefore, we selected CD34 expression level as a marker to
represent the disease age of CML from the emergence of BCR-ABLI cells.
The exact disease age is usually unknown for the patients. An entropy-
based method was proposed in Brehme et al.”* to estimate the days after
mutation based on gene expressions. Here, we further simplify the esti-
mation through the CD34 expression. To define the disease age for

npj Systems Biology and Applications| (2024)10:45

12



https://doi.org/10.1038/s41540-024-00370-4

Article

individual patients, we assumed a linear dependence between the CD34
expression level and the disease age. However, the coefficients for patients at
different phases may vary. The disease age, denoted by Tejsease age (measured
in years), is calculated using the following formula:

Tdiseaseage =Ax [CD34] +B. (4)
Here, [CD34] represents the normalized CD34 expression level of a patient.
Based on the research in Brehme et al.”®, the coefficients (A4, B) were chosen
in such a way that the disease ages of patients at the chronic phase (CP),
accelerated phase (AP), and blast crisis (BC) phases are distributed sepa-
rately. Patients in CP have disease ages ranging from 2.5 to 5.5 years, while
those in AP have disease ages ranging from 5.5 to 12.5 years, and patients in
the BC phase have disease ages ranging from 7.5 to 14.3 years (Supple-
mentary Fig. 2). Therefore, to represent the disease ages in each phase, the
values of (A, B) were chosen as (5.0, 5.0) for CP patients, (4.5, 6.5) for AP
patients, and (4.0, 10) for BC patients.

Bifurcation analysis

The random formation of the BCR-ABL1 fusion gene and the tumor
microenvironment (TME) changes are crucial factors in the progression of
chronic myeloid leukemia (CML). To examine their effects on the long-term
dynamics of CML progression, we conducted a bifurcation analysis based
on the fusion gene’s production rate 7 and the TME index Q. We set 7and Q
as constants in equation (2) and replaced the random number W([HSPC], #)
with its expectation value, #[HSPC]. This enabled us to obtain a second-
order ordinary differential equation for the cell numbers [HSPC] and
[LSPC]. The equation is as follows:

d[HSPC] __ B (Q/6,,)
@ = |:l+([HSPC] T PSP, — M (1 + e,y ) T
x [HSPC] — n[HSPC],
diLseq) _ 8 u
i <1 T (ASPCT 47, PO 0, — 1Jr(QL/oq,)2 - KL> [LSPC]

+ 7[HSPC).
)
We then performed a bifurcation analysis on the above equation with
respect to Q and 7.

From equation (5), when the fusion gene formation rate # is zero, there
is a trivial steady-state Ey = (0, 0). The steady-state E, is locally asymptoti-

cally  stable if By <fy = yy (1 + 4, lfé%:h)z) +xy and

B <py = H—(ZW + %y If By > iy, there exists a steady state E; = (H', 0),
ql

and if B, >[i;, there exists a steady state E,=(0, L), where H* =

Oy (% - ) and L* = % (% - 1) . The steady state E, = (H',0) (or E, = (0,
L") is locally asymptotically stable if H > p,L" (or H' < p,L").
When the fusion gene formation rate # is non-zero, the system (5) has
three possible steady states:
(1) There always exists a trivial steady state E, = (0, 0), which is locally
asymptotically stable if B; < iy +nand B <p;.
(2) If B, > iy, there exists a leukemia-dorminant steady-state E, = (0, L.

This state is locally asymptotically stable
i Bu B
if 0, (PM ) <, (m 1) .

(3) If 6y (Pf 171 —-1)>6, %— , the HSPCs and LSPCs coexist, and

there is a positive steady-state E = (H, L), where H and L satisfy
B =
W = (g + 1),
8 P
TR, e /D).

Moreover, the state E is locally asymptotically stable.

Supplementary Fig. 3 shows the bifurcation diagram with respect to
changes in 7 and Q. Supplementary Fig. 3a indicates that HSPC and LSPC
coexist when Q and # are small values. Supplementary Fig. 3b, cillustrate the
dependence LSPC ratio on # and Q, respectively.

From the bifurcation analysis, we need the fusion gene formation rate
larger than 10~ during CML initiation and later decrease to a value below
107" after TKI treatment in order to describe the clinical observations from
disease progression to treatment-free remission (TFR).

Parameter estimation

To estimate the model parameters, we placed biologically plausible
restrictions. Leukemia cells are expected to have a higher proliferation rate
and a lower death rate compared to normal cells. Therefore, we set 5 > Sy
and py <py". Additionally, the death rates in peripheral blood were
assumed to be larger than those in the bone marrow, leading to the
restrictions ppy > p, gpr > pr- These assumptions resulted in the following
restrictions on the model parameters:

pu>#ps Bu<Prs

Ky ~ Wy, K ~ Ui,

Hpu > Hus
Upr, > b -

Here ~ means the same order of magnitude.

We referred to previous studies*””" on hematopoietic stem cells and
CML progression dynamics to identify the key parameters for stem cell
proliferation, differentiation, and apoptosis rates. These studies provided
experimental data and mathematical models that helped us estimate these
parameters.

The cell kinetic rates for hematopoietic stem cell regeneration
dynamics can be estimated based on a GO cell cycle model using the tech-
nique of continuous labeling”. It was found that in mice, the differentiation
rate ranges between about 0.01 and 0.02, the rate of cell re-entry from GO
back into the proliferative phase is between 0.02 and 0.05, and the rate of
apoptosis from the proliferative phase is between 0.07 and 0.23 (all units
are days ™).

In a previous study”’, the CML dynamics were studied with a four-
compartment model, and the kinetic parameters were compared with
patients receiving imatinib treatment. The treatments lead to a biphasic
exponential decline of leukemia cells. The first slope of 0.05 per day
represents the turnover of differentiated leukemic cells, while the second
slope of 0.008 per day represents the turnover rate of leukemic progenitors.
For patients who relapsed after stopping imatinib treatment, the rapid
upslope of 0.09 + 0.05 per day corresponds to a doubling time of roughly
8 days™.

Based on these data, we assumed the following ranges of kinetic rates of
hematopoietic stem cells:

By B~ 1071day71.,,uH, Yy ~ 1073day*17 Kygy K ~ 1073day71.

Next, we randomly sampled parameter values across a wide range of
parameter space. We identified the parameter values that could produce the
three phases of CML evolution dynamics. The acceptable dynamics include
a chronic phase characterized by a slowly increased ratio of leukemia cells in
the first few years following the onset of fusion gene formation, an accel-
erated phase with a rapid increase in the ratio, and finally, a crisis phase with
a high level of leukemia cell ratio.

Parameter values used in the current study are listed in Supplementary
Table 1.

Numerical scheme

The numerical solution of the model equations was obtained using Euler’s
method with a time step At = 0.05. The number of leukemia cells produced
from normal stem cells was determined by a Poisson random number
Y([PSHC], 1) at each time step. In simulations, we initialized the system
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with the following initial condition at t = —5 years:
[HSPC] = 9 x 10°, [LSPC] = 0, [PBHC] = 14 x 10°, [PBLC] = 0, Q = 0.

The mutation rate, #(t), was negligible when ¢ < 0. As a result, the system
approached a steady state without leukemia cells at =0, and the steady-
state values are insensitive to the initial values. However, when ¢ > 0, #,(t)
increase rapidly to a high level, indicating the leukemia cells were introduced
through the Poisson random number W([PSHC], 7). The time point t=0
corresponds to when leukemia stem cells appeared.

Virtual patients and overall survival
To validate the model, we generated virtual patients and defined their
probability of mortality to fit the clinical overall survival curve.

We assumed that BCR-ABL1 generation in different patients has
heterogeneous origins, leading to different values of the rate function #,(t)
for each patient. This rate function was defined by uniform random num-
bers (t, Ty, t, 7). Furthermore, the kinetic rates of leukemia cell pro-
liferation (fy), apoptosis (yr), and differentiation (x;) were randomly
chosen for each patient.

To compare the simulation results with clinical survival data, we
assumed a mortality probability dependent on the PBLC ratio Rppc. The
formulation for this probability was given by:

PO
1+ e*(RPBI,C*#p)/UP ’

(6)

P death (RPBLC) =

Here, Rpg; ¢ is the ratio of PBLC to the sum of PBLC and PBHC numbers,
represented as

P [PBLC]
PBLC ™ [PBLC] + [PBHC]

The term Pgeam(Rpprc)At represents the mortality probability of a patient
with a PBLC ratio of Rpp; in a time interval [t, t + Af].

To adjust the model parameters, we used the survival curve of
untreated patients. We referred to an MD Anderson Cancer Center dataset
that included 1569 patients with chronic myeloid leukemia (CML) since
1965. Of them, 140 patients received no treatment (diagnosed before
1975)%. All the patients were grouped based on the years of therapy, and the
overall survival probability curves were provided for each subgroup. To
identify the model parameters, we initially set d; = d, = d3 = 0 and used the
least-squares method to fit the survival curve for the group of 140 patients
that received no treatment. The cost function used for fitting was defined as:

1 N
— 2
cost = N E (P isimulation — P i,clinical data) ’
i=1

where P; represents the survival probability at the i year after diagnosis.

Next, we tuned the treatment effects (d;, d,, d3) to achieve an overall
survival rate of about 80% at 10 years after diagnosis, as referred to clinical
studies®>””. The dataset presented in Hehlmann (2016)* included the sur-
vival rates of patients with CML in five consecutive randomized studies of
the Germain CML Study since 1983, updated in 2016. The corresponding
survival curve is shown in Fig. 3a.

Thresholds of TME index and LSPC for CML relapse

We aimed to determine the TME index and LSPC number threshold to
predict patient responses after treatment discontinuation. To achieve this,
we assumed that the tumor microenvironment is in a quasi-steady state by
setting the derivative ‘fi—? equal to zero. Using this assumption, we derived the

following equation that relates TME index (Q) and LSPC ([LSPC]):

@seCl/oy o

"1 4 ([LspC]/6) @

K L =0.
"14+(Q/6,)

From (7) and given the parameters k¢, x;, 8, 0, s, and 1, we can solve Q as a
function of [LSPC], which is shown by Supplementary Fig. 4. From Sup-
plementary Fig. 4, there is a critical value (marked by the black dot) so that
the TME index switches to a large value when the LSPC number is larger
than the critical level.

Expressing [LSPC] as a function Q from equation (7) gives the fol-
lowing relation

KIQ )”' (8)

[Lspel= 9<KQ(1 — Q0 +(Q/8,) - #Q

The critical point is given by the local maximum [LSPC] in accordance with
Q, which is determined by d[%gc] = 0. A simple calculation implies that the
critical value Q satisfies the equation

. K1+ (sQ — s+ 1)(Q/6,)) B
nQig(Q — (Q/0,) + (i + k0)Q — ko) ~

1 Q
Ko(1 — QL +(Q/6,)']— 1,Q

or

1+ (sQ— s+ 1)(Q/8,) = 0. ©)

The critical value Q depends only on the parameters 6, and s. In
particular, when 6,=0.11 and s =2 in our simulations, we have the
critical value Q; = 0.127, which is shown by the black dashed line in
Fig. 4c.

Reporting summary
Further information on research design is available in the Nature Research
Reporting Summary linked to this article.

Data availability

All data generated and analyzed during this study are included in this article.
The datasets generated during the current study are available from the
corresponding author upon reasonable request.

Code availability
The MATLAB codes are available from the corresponding author upon
reasonable request.

Received: 22 April 2023; Accepted: 16 April 2024;
Published online: 27 April 2024

References

1. Torres-Barrera, P., Mayani, H. & Chavez-Gonzalez, A. Understanding
the hematopoietic microenvironment in chronic myeloid leukemia: a
concise review. Curr. Res. Transl. Med. 69, 103295 (2021).

2. Bartram, C. R. et al. Translocation of c-abl oncogene correlates with
the presence of a Philadelphia chromosome in chronic myelocytic
leukaemia. Nature 306, 277 (1983).

3.  Kurzrock, R., Gutterman, J. U. & Talpaz, M. The molecular genetics of
Philadelphia chromosome—positive leukemias. N. Engl. J. Med. 319,
990-998 (1988).

4. Holyoake, T. & Vetrie, D. The chronic myeloid leukemia stem cell:
stemming the tide of persistence. Blood 129, 1595-1606 (2017).

5. Druker, B. J. et al. Five-year follow-up of patients receiving imatinib for
chronic myeloid leukemia. N. Engl. J. Med. 355, 2408-2417 (2006).

6. Harrington, P. & Lavallade, H. D. Novel developments in chronic
myeloid leukaemia. Curr. Opin. Hematol. 28, 122-127 (2021).

npj Systems Biology and Applications| (2024)10:45

14



https://doi.org/10.1038/s41540-024-00370-4

Article

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

Druker, B. J. et al. Efficacy and safety of a specific inhibitor of the BCR-
ABL tyrosine kinase in chronic myeloid leukemia. N. Engl. J. Med. 344,
1031-1037 (2001).

Kantarjian, H. et al. Dasatinib versus imatinib in newly diagnosed
chronic-phase chronic myeloid leukemia. N. Engl. J. Med. 362,
2260-2270 (2010).

Baccarani, M. et al. European LeukemiaNet recommendations for the
management of chronic myeloid leukemia: 2013. Blood 122,
872-884 (2013).

Hochhaus, A. et al. European LeukemiaNet 2020 recommendations
for treating chronic myeloid leukemia. Leukemia 34, 966-984 (2020).
Molica, M. et al. Ten-year outcome of chronic-phase chronic myeloid
leukemia patients treated with imatinib in real life. Ann. Hematol. 98,
1891-1904 (2019).

Hochhaus, A. et al. Long-term outcomes of imatinib treatment for
chronic myeloid leukemia. N. Engl. J. Med. 376, 917-927 (2017).
Gambacorti-Passerini, C. et al. Multicenter independent assessment
of outcomes in chronic myeloid leukemia patients treated with
imatinib. JNCI: J. Natl Cancer Institute 103, 553-561 (2011).

Clark, R. E. Tyrosine kinase inhibitor therapy discontinuation for
patients with chronic myeloid leukaemia in clinical practice. Curr.
Hematol. Malignancy Rep. 14, 507-514 (2019).

Ross, D. M. & Hughes, T. P. Treatment-free remission in patients with
chronic myeloid leukaemia. Nat. Rev. Clin. Oncol. 17, 493-503 (2020).
Campiotti, L. et al. Imatinib discontinuation in chronic myeloid
leukaemia patients with undetectable BCR-ABL transcript level: a
systematic review and a meta-analysis. Eur. J. Cancer 77,

48-56 (2017).

Mahon, F.-X. et al. Discontinuation of imatinib in patients with chronic
myeloid leukaemia who have maintained complete molecular
remission for at least 2 years: the prospective, multicentra Stop
Imatinib (STIM) trial. Lancet Oncol. 11, 1029-1035 (2010).

Saussele, S. et al. Discontinuation of tyrosine kinase inhibitor therapy
in chronic myeloid leukaemia (EURO-SKI): a prespecific interim
analysis of a prospective, multicentre, non-randomised, trial. Lancet
Oncol. 19, 747-757 (2018).

Ross, D. M. et al. Safety and efficacy of imatinib cessation for CML
patients with stable undetectable minimal residual disease: results
from the TWISTER study. Blood 122, 515-522 (2013).

Etienne, G. et al. Long-term follow-up of the French Stop Imatinib
(STIM1) study in patients with chronic myeloid leukemia. J. Clin.
Oncol. 35, 298-305 (2016).

Ross, D. M. et al. Long-term treatment-free remission of chronic
myeloid leukemia with falling levels of residual leukemic cells.
Leukemia 32, 2572-2579 (2018).

Imagawa, J. et al. Discontinuation of dasatinib in patients with chronic
myeloid leukaemia who have maintained deep molecular response for
longer than 1 year (dadi trial): a multicentre phase 2 trial. Lancet
Haematol. 2, €528-35 (2015).

Shah, N. P. et al. Dasatinib discontinuation in patients with chronic-
phase chronic myeloid leukemia and stable deep molecular response:
the DASFREE study. Leuk. Lymphoma 61, 650-659 (2020).

Ross, D. M. et al. Durable treatment-free remission in patients with
chronic myeloid leukemia in chronic phase following frontline nilotinib:
96-week update of the ENESTfreedom study. J. Cancer Res. Clin.
Oncol. 144, 945-954 (2018).

Mahon, F.-X. et al. Treatment-free remission after second-line nilotinib
treatment in patients with chronic myeloid leukemia in chronic phase:
results from a single-group, phase 2, open-label study. Ann. Intern
Med. 168, 461-470 (2018).

Minciacchi, V. R., Kumar, R. & Krause, D. S. Chronic myeloid leukemia:
amodel disease of the past, present and future. Cells 10, 117 (2021).
Legros, L. et al. Second tyrosine kinase inhibitor discontinuation
attempt in patients with chronic myeloid leukemia. Cancer 123,
4403-4410 (2017).

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45,

46.

Bocchia, M. et al. Residual peripheral blood CD26" leukemic stem
cells in chronic myeloid leukemia patients during TKI therapy and
during treatment-free remission. Front. Oncol. 8, 194 (2018).
Takahashi, N. et al. Deeper molecular response is a predictive factor
for treatment-free remission after imatinib discontinuation in patients
with chronic phase chronic myeloid leukemia: the JALSG-STIM213
study. Int. J. Hematol. 107, 185-193 (2018).

Lee, S.-E. et al. Imatinib withdrawal syndrome and longer duration of
imatinib have a close association with a lower molecular relapse after
treatment discontinuation: the kid study. Haematologica 101,
717-723 (2016).

Benjamini, O. et al. Patient-driven discontinuation of tyrosine kinase
inhibitors: single institution experience. Leuk. Lymphoma 55,
2879-2886 (2014).

Ohyashiki, K. et al. Increased natural killer cells and decreased
CD3"CD8"CD62L" T cells in CML patients who sustained complete
molecular remission after discontinuation of imatinib. Br. J. Haematol.
157, 254-256 (2012).

llander, M. et al. Increased proportion of mature NK cells is associated
with successful imatinib discontinuation in chronic myeloid leukemia.
Leukemia 31, 1108-1116 (2017).

Irani, Y. D. et al. Successful treatment-free remission in chronic
myeloid leukaemia and its association with reduced immune
suppressors and increased natural killer cells. Br. J. Haematol. 191,
433-441 (2020).

Kong, J. et al. Profiles of NK cell subsets are associated with
successful tyrosine kinase inhibitor discontinuation in chronic myeloid
leukemia and changes following interferon treatment. Ann. Hematol.
100, 2557-2566 (2021).

Zhang, B. et al. Effective targeting of quiescent chronic myelogenous
leukemia stem cells by histone deacetylase inhibitors in combination
with imatinib mesylate. Cancer Cell 17, 427-442 (2010).

Duarte, D., Hawkins, E. D. & Lo Celso, C. The interplay of leukemia
cells and the bone marrow microenvironment. Blood 131,
1507-1511 (2018).

Hsieh, Y.-C., Kirschner, K. & Copland, M. Improving outcomes in
chronic myeloid leukemia through harnessing the immunological
landscape. Leukemia 35, 1229-1242 (2021).

Andersen, M. et al. Mathematical modelling as a proof of concept for
MPNs as a human inflammation model for cancer development. PLoS
ONE 12, e0183620 (2017).

Stiehl, T.,Ho, A. D. & Marciniak-Czochra, A. Mathematical modeling of
the impact of cytokine response of acute myeloid leukemia cells on
patient prognosis. Sci. Rep. 8, 2809 (2018).

Fassoni, A. C., Baldow, C., Roeder, |. & Glauche, |. Reduced tyrosine
kinase inhibitor dose is predicted to be as effective as standard dose
in chronic myeloid leukemia: a simulation study based on phase lll trial
data. Haematologica 103, 1825-1834 (2018).

Woywod, C., Gruber, F. X., Engh, R. A. & Fla, T. Dynamical models of
mutated chronic myelogenous leukemia cells for a post-imatinib
treatment scenario: response to dasatinib or nilotinib therapy. PLoS
ONE 12, e0179700 (2017).

Andersen, M., Hasselbalch, H. C., Kjar, L., Skov, V. & Ottesen, J. T.
Global dynamics of healthy and cancer cells competing in the
hematopoietic system. Math. Biosci. 326, 108372 (2020).

Kim, E. et al. Patient-specific molecular response dynamics can
predict the possibility of relapse during the second treatment-free
remission attempt in chronic myelogenous leukemia. Neoplasia 32,
100817 (2022).

MacLean, A. L., Filippi, S. & Stumpf, M. P. The ecology in the
hematopoietic stem cell niche determines the clinical outcome in
chronic myeloid leukemia. Proc. Natl. Acad. Sci. USA 111,
3883-3888 (2014).

Michor, F. et al. Dynamics of chronic myeloid leukaemia. Nature 435,
1267 (2005).

npj Systems Biology and Applications | (2024)10:45

15



https://doi.org/10.1038/s41540-024-00370-4

Article

47. Roeder, |. et al. Dynamic modeling of imatinib-treated chronic myeloid
leukemia: functional insights and clinical implications. Nat. Med. 12,
1181 (2006).

48. Stiehl, T., Wang, W., Lutz, C. & Marciniak-Czochra, A. Mathematical
modeling provides evidence for niche competition in human AML and
serves as a tool to improve risk stratification. Cancer Res. 80,
3983-3992 (2020).

49. Pedersen, R. K. et al. HSC niche dynamics in regeneration, pre-
malignancy, and cancer: Insights from mathematical modeling. Stem
Cells 41, 260-270 (2023).

50. Becker, N. B., Glinther, M., Li, C., Jolly, A. & Hofer, T. Stem cell
homeostasis by integral feedback through the niche. J. Theor. Biol.
481, 100-109 (2019).

51. Ashcroft, P., Manz, M. G. & Bonhoeffer, S. Clonal dominance and
transplantation dynamics in hematopoietic stem cell compartments.
PLoS Comput. Biol. 13, 1005803 (2017).

52. Karg, E. et al. Modelling of immune response in chronic myeloid
leukemia patients suggests potential for treatment reduction prior to
cessation. Front. Oncol. 12, 1028871 (2022).

53. Hahnel, T. et al. Model-based inference and classification of
immunologic control mechanisms from TKI cessation and dose
reduction in patients with CML. Cancer Res. 80, 2394-2406 (2020).

54. Le, P. M., Andreff, M. & Battula, L. Osteogenic niche in the regulation
of normal hematopoiesis and leukemogenesis. Haematologica 103,
1945-1955 (2018).

55. Azizidoost, S., Babashah, S., Rahim, F., Shahjahani, M. & Saki, N.
Bone marrow neoplastic niche in leukemia. Hematology 19,
232-238 (2014).

56. Méndez-Ferrer, S. et al. Bone marrow niches in haematological
malignancies. Nat. Rev. Cancer 20, 285-298 (2020).

57. Chinese Society of Hematology, Chinese Medical Association. The
guidelines for diagnosis and treatment of chronic myelogenous
leukemia in China (2020 edition). Chin. J. Hematol. 41,

353-364 (2020).

58. Brehme, M. et al. Combined population dynamics and entropy
modelling supports patient stratification in chronic myeloid leukemia.
Sci. Rep. 6, 24057 (2016).

59. Radich, J. P. et al. Gene expression changes associated with
progression and response in chronic myeloid leukemia. Proc. Natl.
Acad. Sci. USA 103, 2794 — 2799 (2006).

60. Kantarjian, H. et al. Improved survival in chronic myeloid leukemia
since the introduction of imatinib therapy: a single-institution
historical experience. Blood 119, 1981-1987 (2012).

61. Kalmanti, L. et al. Safety and efficacy of imatinib in CML over a period
of 10 years: data from the randomized CML-study IV. Leukemia 29,
1123-1132 (2015).

62. Hehlmann, R. Innovation in hematology. Perspectives: CML 2016.
Haematologica 101, 657-659 (2016).

63. Tang, M. et al. Dynamics of chronic myeloid leukemia response to
long-term targeted therapy reveal treatment effects on leukemic stem
cells. Blood 118, 1622-1631 (2011).

64. Ureshino, H. et al. Subsequent attempt tyrosine kinase inhibitor
discontinuation in patients with chronic myeloid leukemia; a single
institute experience. Hematol. Oncol. 39, 549-557 (2021).

65. Ciftciler, R., Akin, M. G., Erat, Z. & Eskazan, A. E. A systematic review
on second treatment-free remission (TFR) attempt in chronic myeloid
leukemia (CML): can it be applied in clinical practice? Clin. Lymphoma
Myeloma Leuk. 23, 8-14 (2023).

66. Ross,D. M., Hughes, T.P. & Melo, J. V. Do we have to kill the last CML
cell? Leukemia 25, 193-200 (2011).

67. Ng, K. P. et al. Physiologic hypoxia promotes maintenance of CML
stem cells despite effective BCR-ABL1 inhibition. Myeloid Neoplasia
123, 3316-3326 (2014).

68. Krause, D. S. et al. Differential regulation of myeloid leukemias by the
bone marrow microenvironment. Nat. Med. 19, 1513-1517 (2013).

69. Bernard, S., Bélair, J. & Mackey, M. C. Oscillations in cyclical
neutropenia: new evidence based on mathematical modeling. J.
Theor. Biol. 223, 283-298 (2003).

70. Lei, J. A general mathematical framework for understanding the
behavior of heterogeneous stem cell regeneration. J. Theor. Biol. 492,
110196 (2020).

71. Mackey, M. C. Cell kinetic status of haematopoietic stem cells. Cell
Prolif. 34, 71-83 (2001).

72. Clapp, G. D. et al. Implication of the autologous immune system in
BCR-ABL transcript variations in chronic myelogenous leukemia
patients treated with imatinib. Cancer Res. 75, 4053-4062 (2015).

Acknowledgements
This work is supported by the National Natural Science Foundation of China
(No. 11831015, No. 12171478, and No. 12331018).

Author contributions

J.L.and H.Z. designed the research and supervised the project. X.L. and X.J.
performed research and analyzed data. X.L., X.J. and J.L. took the lead in
writing the manuscript. All authors provided critical feedback and helped
shape the research and the final manuscript.

Competing interests
The authors declare no competing interests.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41540-024-00370-4.

Correspondence and requests for materials should be addressed to
Haojian Zhang or Jinzhi Lei.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted
by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

npj Systems Biology and Applications | (2024)10:45

16


https://doi.org/10.1038/s41540-024-00370-4
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Computational modeling reveals key factors driving treatment-free remission in chronic myeloid leukemia patients
	Results
	Mathematical model of CML evolution dynamics
	Model validation with CML evolution
	CML progression with imatinib therapy
	CML progression after imatinib discontinuation
	Mechanisms of treatment-free remission after imatinib discontinuation
	Prediction of treatment-free remission
	Treatment-free remission related parameters
	Second attempt at treatment-free remission
	Importance of tumor microenvironment dynamics

	Discussion
	Methods
	Mathematical model formulation
	Imatinib treatment
	Data analysis
	Bifurcation analysis
	Parameter estimation
	Numerical�scheme
	Virtual patients and overall survival
	Thresholds of TME index and LSPC for CML relapse
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




