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Supplementary methods 

Patient data 
In total we analyzed 60 time courses of TKI-treated CML patients, for which TKI-therapy had been 
stopped as a clinical intervention and for which pre- and post-cessation data was available. In 
particular, the patient data was obtained from: 

• the EURO-SKI trial (NCT01596114, 14 patients initially treated in Bordeaux, 2 patients initially 
treated in Poitiers, 5 patients initially treated in Finland, 5 patients initially treated in 
Mannheim) 

• the STIM (NCT00478985, 3 patients initially treated in Bordeaux)  

• STIM2 trials (NCT01343173, 11 patients initially treated in Bordeaux, 1 patient initially treated 
in Poitiers)  

• local registries (1 patient initially treated in Bordeaux, 5 patients initially treated in Mannheim, 
18 patients initially treated in Munich). 

Informed written consent was obtained from each subject according to the local regulations of the 
participating centers. 

Table S1 provides a detail account of the clinical trial/local registry of origin for all of the 21 patients 
that have been selected for the statistical data analysis. 

 

Bi-exponential parameterization of treatment response 

A bi-exponential parameterization of the time courses during TKI treatment is needed for two 
reasons: (i) to statistically compare the treatment responses, and (ii) to estimate the initial BCR-
ABL1 ratio if no initial measurement at diagnosis is available. Therefore, we describe the time 
dependent BCR-ABL1/ABL1 ratio of TKI-treated patients on the log-scale using the logarithm of a 
bi-exponential function , i.e. log$%((𝐵𝐶𝑅 − 𝐴𝐵𝐿1)	/	𝐴𝐵𝐿1) = 	𝐿𝑅𝐴𝑇𝐼𝑂(𝑡) = log$%6𝐴𝑒89 + 𝐵𝑒;9<. Each 
patient’s BCR-ABL1 dynamics is, therefore, defined by the parameters A, B, α and β. These 
parameters are estimated for each patient by fitting the bi-exponential model to the patients BRC-
ABL1 measurements before treatment cessation by using a maximum likelihood (ML) approach (R 
version 3.4.4, package maxLik version 1.3.4) as described in [1]. To obtain uniquely identifiable 
solutions in the ML procedure, we restrict α<β, according to the selection of patients showing a rapid 
initial decline α compared to a slower long-term decay β. The bi-exponential fits of all 21 patients are 
shown in Figure S2.  

Comparing the α and β slope between recurring and non-recurring patients, we found no obvious 
differences between both groups (Fig. S3A/B). Furthermore, we did not find a particular co-
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occurrence between the parameters α and β, which would have allowed to identify distinct clusters 
for recurring and non-recurring patients (Fig. S3F).  

 

Calculation of the BCR-ABL1/ABL1 ratio 

To calculate the BCR-ABL1 Ratio on the decadic logarithmic scale (𝐿𝑅𝐴𝑇𝐼𝑂) in the peripheral blood, 
we use the following two assumptions: (i) We assume a maximum cell number (comprising leukemic 
cells Y and healthy cells 𝑦) equal to the carrying capacity 𝐾?. Thus, we calculate the number of 
healthy cells 𝑦 using the following equation: 𝑦 = (𝐾? − 𝑌). (ii) We assume that healthy cells do not 
express BCR-ABL1, but express twice as much ABL1 than leukemic cells.  

Thus, we calculate the BCR-ABL1/ABL1 ratio on a logarithmic scale using:  

𝐿𝑅𝐴𝑇𝐼𝑂 = 𝑙𝑜𝑔$%(
𝑌

𝑌 + 2(𝐾? − 𝑌)
) (4) 

 

Derivation of the “immune window” 
We define the immune window as the range of leukemic cells, for which the proliferation of immune 
cells 	𝑝F ∗

H
IJKLHK

 exceeds the immune apoptosis rate 𝑎 (see Figure S7). Thus, the following condition 

must be fulfilled: 

	𝑝F ∗
𝑌

𝐾FN + 𝑌N
> 𝑎 (5) 

 
Solving this equation for 𝑌, we obtain the following range for the immune window: 
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4𝑎N
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𝑝F
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+ P
𝑝FN

4𝑎N
− 𝐾FN	 (6) 

 
We observe that the immune window only exists for patients satisfying the condition: 

𝑝S > 2𝑎𝐾F (7) 

 
Parameter estimation 
We use fixed values for the immune mediated killing rate 𝑚, the carrying capacity 𝐾H, immune cells 
natural influx 𝑟F  and the immune cells apoptosis rate 𝑎. 𝑟F  and 𝑎 are set to 200	𝑐𝑒𝑙𝑙𝑠/𝑚𝑜𝑛𝑡ℎ and 
2.0	𝑚𝑜𝑛𝑡ℎ\$ , respectively, to ensure a low, ground state compartment size of about 100 CML-
specific immune cells. For the carrying capacity 𝐾H of proliferating leukemic stem cells, we assume 
a maximum number of 106 cells [2–4], although our general results are invariant against a scaling of 
those quantities. We use a low value of 𝑚 = 1 ∗ 10\]𝑐𝑒𝑙𝑙𝑠\$	𝑚𝑜𝑛𝑡ℎ\$ for the kill rate to ensure a 
minimal kill effect on leukemic cells for the ground state immune level.  
 
Estimates for the treatment effect 𝑇𝐾𝐼 and the proliferation rate 𝑝H  cannot be uniquely identified 
using pre-cessation data only, as the initial BCR-ABL1 decline is determined by the net difference 
between those values (see equation (2)). We circumvent this limitation by estimating this proliferation 
rate from fitting the model to only post-cessation data of all recurring patients (i.e. 𝑇𝐾𝐼=0). In those 
cases, we assume no relevant immunological effect on the BCR-ABL1 kinetics during recurrence 
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and set the corresponding parameter values 𝑎, 𝑝S, 𝑟S, 𝐾F,𝑚 to zero. We obtained a mean proliferation 
rate 𝑝H = 1.658	𝑚𝑜𝑛𝑡ℎ\$ which is used for all further simulations.  
 
Using an Approximate Bayesian Computation approach (R version 3.4.4, adapted version of 
package EasyABC version 1.5), we derive a set of optimal estimates for the remaining free 
parameters for each patient (i.e. the transition rates 𝑝bH  and 𝑝Hb, the TKI kill rate 𝑇𝐾𝐼, and the 
immune parameters 𝐾F  and 𝑝F), from which we select the best fitting parameter combination (in 
terms of Euclidian distance between data and model1) from each set for further simulations. The 
initial number of proliferating leukemic cells 𝑌 is obtained from the initial BCR-ABL1 ratio and the 
carrying capacity 𝐾H. If no BCR-ABL1 ratio on treatment start is available, we estimate the initial 
BCR-ABL1 ratio from the bi-exponential fit (see above). Given a constant cell number 𝑌, the values 
for 𝑋 and 𝑍 are initialized in a quasi-steady state condition. Kolmogorov-Smirnov tests (R version 
3.4.4) are used to compare the distribution of the estimated parameters between recurring and non-
recurring patient groups (Figure S4). 

 

Calculation of steady states  
We observe three different, possible steady states in our immune model after stopping treatment 
(i.e., equations (1-3) with 𝑇𝐾𝐼 = 0): (i) recurrence, and two remission steady states, namely (ii) 
complete eradication and (iii) immunological controlled remission.  
 
Eradication steady state 
The complete eradication or complete remission steady state is the trivial equilibrium 𝐸% = (𝑋%,𝑌%, 𝑍%) 
of system (1-3). It is defined by 𝑌% = 0, 𝑋% = 0 and 

𝑍% =
𝑟F
𝑎
. (8) 

 
Immunological controlled remission and recurrence steady states 
Both the immunological controlled remission steady state 𝐸f = (𝑋f, 𝑌f, 𝑍f) and the recurrence steady 
state 𝐸f = (𝑋g,𝑌g, 𝑍g) are characterized by non-zero levels of leukemic cells X and Y. However, the 
former is characterized by low levels, while the latter presents with high levels of leukemic cells, i.e., 
𝑋f < 𝑋g and 𝑌f < 𝑌g.  
The steady states are obtained as follows. Setting 𝑑𝑋/𝑑𝑡 = 0 and isolating 𝑋 we obtain 

𝑋 = (𝑝Hb/𝑝bH)𝑌 (9) 

 
Analogously, setting 𝑑𝑍/𝑑𝑡 = 0 and isolating 𝑍 we obtain 

𝑍 =
𝑟S(𝐾SN + 𝑌N)

𝑎(𝐾SN + 𝑌N) − 𝑝S𝑌
 (10) 

 
Now, setting 𝑑𝑌/𝑑𝑡 = 0	and substituting the expressions of 𝑋 and 𝑌 we obtain, after simplification, 
the following third-degree polynomial equation in 𝑌: 

−𝑎	𝑝H𝑌i + 6𝑝H𝑝S + 𝐾H(𝑎𝑝H − 𝑚𝑟S)<𝑌N + −𝑝H(𝑎𝐾SN + 𝐾H𝑝S)𝑌 + 𝐾H𝐾SN(𝑎𝑝H −𝑚𝑟S) = 0 (11) 

                                                
1 For undetectable (i.e. BCR-ABL1 negative) measurements an upper bound is calculated based on the abundance of 
the reference gene (log10(3/copies of reference gene); see [5]). If the fit is below this upper bound, we assume a perfect 
fit for this value. If the fit is above the upper bound, we calculate the Euclidian distance between the upper bound and the 
model fit (compare [1]). 
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Using the same techniques as in our previous publication [6] one can show that equation (11) does 
not have a positive solution 𝑌 for 𝑎𝑝H < 𝑚𝑟S. In this case, both the remission and recurrence steady 
states do not exist.  
 
On the contrary, there are two options for 𝑎𝑝H > 𝑚𝑟S, depending on the discriminant of equation (11): 
either the equation has one or three positive solutions for 𝑌. We omit the formula of the discriminant 
for sake of brevity. If the equation has three positive solutions, we denote them as 𝑌g > 𝑌j > 𝑌f. 
Substituting these values in the expressions of 𝑋 and 𝑍 above, we obtain three equilibrium points: 
the recurrence steady state 𝐸g, the remission steady state 𝐸f and a third steady state denoted as 
𝐸j = (𝑋j, 𝑌j, 𝑍j). For all parameter values used here, 𝐸g and 𝐸f are stable fixed points, while 𝐸j is a 
saddle point. This case corresponds to the landscape attractors C,E and G in Fig. 5, where two 
basins of attraction are present. The distinction of such cases is made by assessing whether a 
system solution starting as small perturbation of 𝐸% will converge either to 𝐸f or to 𝐸g. Finally, if the 
above polynomial equation (11) has only one positive solution 𝑌g > 0, then it defines the recurrence 
steady state 𝐸g, while the remission steady state does not exist. In this case, we numerically verify 
that 𝐸g is stable. Thus, this case corresponds to the attractor landscape in Fig. 5A.  

Treatment optimization approach 
Taking the concept of an optimal window for immune activity into account, we consider an alternative, 
adaptive TKI treatment. In addition to using a fixed treatment intensity 𝑇𝐾𝐼% , we also apply an 
alternative treatment strategy, which reduces the treatment kill rate 𝑇𝐾𝐼 when the leukemic cells level 
is reduced below the immune window. This strategy aims to keep the leukemic cells level within the 
immune window for a longer time in such way it prolongs the stimulation of the immune cell 
proliferation. Formally, this is incorporated in the model by multiplying 𝑇𝐾𝐼% with a sigmoid function, 
thereby obtaining: 

𝑇𝐾𝐼 = 𝑇𝐾𝐼% ∗
1

1 +	𝑒\
H

Hklm
\$

%.%$

	 (12) 
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