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Mephistopheles: Blut ist ein ganz besondrer Saft. 

Mephistopheles: Blood is a very special juice. 

Johann Wolfgang von Goethe, Faust 1



One of the major difficulties in considering 
stem cells is that they are defined in 
terms of their functional capabilities 
which can only be assessed by testing the 
abilities of the cells, which itself may alter 
their characteristics during the assay 
procedure: a situation similar to the 
uncertainty principle in physics. 

Stem cell behaviour



HSCs: self-renewal and multipotency



HSCs: self-renewal and multipotency
agent-based model



HSCs: reversible activation
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HSCs: modeling reversibility



HSCs: understanding dormancy 
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HSCs: understanding dormancy 

-> estimated 
loss by decay:  

12.5 days for 
RFP (6 weeks 
for GFP)
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HSCs: understanding dormancy 

-> estimated 
division times:  

2 weeks for 
proliferating cells 

15 weeks for 
dormant cells

slowly dividing cells will enrich background label 

label-retaining cells do not necessarily represent a quiescent population 
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Leukemia treatment response

•  Chromos. translocation 
•  Expression of bcr/abl 
onco-protein 

Savage und Antman, NEJM, 2002 

Molecular defect 

Chronic Myeloid Leukemia (CML) 

enhanced production of differentiated 
BCR-ABL+ myeloid cells 

displacement of normal hematopoiesis 
  

transit into (mostly lethal) blast crisis

Unique 

Measurable 

Targetable



Leukemia treatment response

biphasic response pattern



Leukemia treatment response
biphasic response pattern

Roeder at al., Nat Med, 2006
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reduction.	 Furthermore,	 we	 propose	 a	 strategy	 to	 determine	 patient-specific	 optimal	 TKI	
doses,	 and	predict	 that	 dose-halving	 is	 safe	 for	 the	majority	 of	 patients,	 once	 a	 sustained	
molecular	remission	has	been	achieved.	The	suggested	dose	optimization	can	contribute	to	
the	prevention	of	severe	side	effects	(e.g.	cardiovascular	complications,	pleural	effusion)	and	
to	a	reduction	of	overall	treatment	costs.	
	
Materials	and	Methods	
	
Patient	data	and	parametrization	
	
Our	analysis	is	based	on	published	BCR-ABL1	/	ABL1	transcript	levels	from	patients	receiving	
standard	 imatinib	mono-therapy	(400mg	daily).	We	assessed	69	patients	from	the	German	
arm	 of	 the	 IRIS	 trial	 (NCT00006343)(20)	 and	 279	 patients	 of	 the	 CML-IV	 study	
(NCT00055874)(21).	The	individual	treatment	response	at	time	#	($%&' # ),	measured	in	the	
form	100%	×	BCR-ABL1/ABL1,	is	described	according	to	a	biphasic	characteristic,	i.e.	

$%&' # = )	+,- + /	+0-. 1 	

	
For	 each	 patient,	 parameters	 ), /, !,	 and	 "	 are	 determined	 using	 maximum	 likelihood	
estimation,	assuming	normal	distributed	error	terms	on	the	logarithmic	scale.	For	the	model	
analysis,	we	selected	only	patients	with	a	biphasic	decline,	i.e.	! < " < 0,	resulting	in	n=56	
(IRIS	 cohort)	 and	 n=135	 (CML-IV	 cohort).	 Patients	with	 a	measured	BCR-ABL1	 ratio	 above	
500%	were	excluded	from	the	analysis	(one	from	IRIS,	one	from	CML-IV).		
	
To	allow	for	comparisons	with	the	DESTINY	trial	(NCT01804985)(15,16),	only	patients	treated	
with	TKI	for	at	least	three	years	and	with	BCR-ABL1	levels	below	MR3	for	at	least	the	last	year	
of	treatment	were	used.	The	122	selected	patients	(n=47	IRIS,	n=75	CML-IV)	were	further	split	
into	a	MR4	and	a	MR3	cohort,	depending	on	whether	their	BCR-ABL1	levels	in	the	last	year	of	
measurements	 were	 below	 MR4	 or	 not,	 respectively.	 These	 selection	 and	 classification	
procedures	were	based	on	the	individual	bi-exponential	fit	$%&'(#)	of	each	patient	(Figure	S1).	
	
Mathematical	model	
	
We	apply	a	mechanistic	model	 that	describes	TKI	 response	as	a	dynamic	process	 resulting	
from	the	interplay	between	tumor	growth,	activation/deactivation	of	LSCs,	and	cytotoxic	TKI	
action	 (Figure	 1A).	 The	 model	 is	 based	 on	 a	 system	 of	 differential	 equations	 and	 is	 a	
simplification	of	our	previous	computational	CML	model(5,19)	and	formally	related	to	a	model	
proposed	by	Komarova	and	Wodarz(18).	
	
The	model	describes	three	leukemic	cell	types:	quiescent	LSC	(X),	proliferating	LSC	(Y)	and	fully	
differentiated	leukemic	cells	(W).	Mathematically,	the	model	is	described	by	the	following	set	
of	differential	equations:	

89
8# = −;<=9 + ;=<> 2 	

8>
8# = ;<=9 − ;=<> + ;=> − +@AB> 3 	

8D
8# = ;E> − FED	 4 	

translation into a 
mathematical formulation:



Leukemia treatment response

YX
 

 

 

 

 

quiescent 
leukemic stem 

cells 

proliferating 
leukemic stem 

cells 

	 4	

reduction.	 Furthermore,	 we	 propose	 a	 strategy	 to	 determine	 patient-specific	 optimal	 TKI	
doses,	 and	predict	 that	 dose-halving	 is	 safe	 for	 the	majority	 of	 patients,	 once	 a	 sustained	
molecular	remission	has	been	achieved.	The	suggested	dose	optimization	can	contribute	to	
the	prevention	of	severe	side	effects	(e.g.	cardiovascular	complications,	pleural	effusion)	and	
to	a	reduction	of	overall	treatment	costs.	
	
Materials	and	Methods	
	
Patient	data	and	parametrization	
	
Our	analysis	is	based	on	published	BCR-ABL1	/	ABL1	transcript	levels	from	patients	receiving	
standard	 imatinib	mono-therapy	(400mg	daily).	We	assessed	69	patients	from	the	German	
arm	 of	 the	 IRIS	 trial	 (NCT00006343)(20)	 and	 279	 patients	 of	 the	 CML-IV	 study	
(NCT00055874)(21).	The	individual	treatment	response	at	time	#	($%&' # ),	measured	in	the	
form	100%	×	BCR-ABL1/ABL1,	is	described	according	to	a	biphasic	characteristic,	i.e.	

$%&' # = )	+,- + /	+0-. 1 	

	
For	 each	 patient,	 parameters	 ), /, !,	 and	 "	 are	 determined	 using	 maximum	 likelihood	
estimation,	assuming	normal	distributed	error	terms	on	the	logarithmic	scale.	For	the	model	
analysis,	we	selected	only	patients	with	a	biphasic	decline,	i.e.	! < " < 0,	resulting	in	n=56	
(IRIS	 cohort)	 and	 n=135	 (CML-IV	 cohort).	 Patients	with	 a	measured	BCR-ABL1	 ratio	 above	
500%	were	excluded	from	the	analysis	(one	from	IRIS,	one	from	CML-IV).		
	
To	allow	for	comparisons	with	the	DESTINY	trial	(NCT01804985)(15,16),	only	patients	treated	
with	TKI	for	at	least	three	years	and	with	BCR-ABL1	levels	below	MR3	for	at	least	the	last	year	
of	treatment	were	used.	The	122	selected	patients	(n=47	IRIS,	n=75	CML-IV)	were	further	split	
into	a	MR4	and	a	MR3	cohort,	depending	on	whether	their	BCR-ABL1	levels	in	the	last	year	of	
measurements	 were	 below	 MR4	 or	 not,	 respectively.	 These	 selection	 and	 classification	
procedures	were	based	on	the	individual	bi-exponential	fit	$%&'(#)	of	each	patient	(Figure	S1).	
	
Mathematical	model	
	
We	apply	a	mechanistic	model	 that	describes	TKI	 response	as	a	dynamic	process	 resulting	
from	the	interplay	between	tumor	growth,	activation/deactivation	of	LSCs,	and	cytotoxic	TKI	
action	 (Figure	 1A).	 The	 model	 is	 based	 on	 a	 system	 of	 differential	 equations	 and	 is	 a	
simplification	of	our	previous	computational	CML	model(5,19)	and	formally	related	to	a	model	
proposed	by	Komarova	and	Wodarz(18).	
	
The	model	describes	three	leukemic	cell	types:	quiescent	LSC	(X),	proliferating	LSC	(Y)	and	fully	
differentiated	leukemic	cells	(W).	Mathematically,	the	model	is	described	by	the	following	set	
of	differential	equations:	

89
8# = −;<=9 + ;=<> 2 	

8>
8# = ;<=9 − ;=<> + ;=> − +@AB> 3 	

8D
8# = ;E> − FED	 4 	

The relative difference between the activation rate of quiescent LSCs, pXY , and the actual long-term treatment efficiency
|b| is

pXY � |b|
pXY

= e1
pXY

q� pXY

+O(e2
1). (SE12)

For all patients within our data-set, the individual parameters satisfy q > pXY , indicating that the net effect of TKI, cell
removal minus LSCs proliferation, q = eT KI � pY , is always larger than quiescent LSC activation, pXY . Therefore, the
relative difference in (SE12) is always positive, implicating that the maximally achievable long-term treatment efficiency
|b| equals pXY . For the original dose, the actual long-term treatment efficiency is already very near this maximum value.
Indeed, for the median patient in our data-set, (SE12) corresponds to a relative difference of only 1.6% with respect to
the maximum value. Therefore, an increase in the dose does not lead to a relevant increase in the long-term treatment
efficiency (Online Supplementary Figure S3). On the other hand, we seek for an optimal reduction in the dose for which
the new treatment efficiency is still very near the maximum pXY .

We first note that the relative difference (SE12) changes as the TKI dose changes. Indeed, substituting q = eT KI � pY ,
(SE12) rewrites as

pXY � |b|
pXY

= e1
pXY

eT KI � pY � pXY

+O(e2
1). (SE13)

Assuming a linear dose-response relationship (see section 9 “Pharmacokinetic modeling, model simplification, and re-
lationship between TKI-effect and TKI-dose” for a justification on the plausibility of such hypothesis), the TKI effect
eT KI is reduced to a fraction f · eT KI , when the dose is reduced by a fraction f . Therefore, the dependence of the relative
difference (SE13) as a function of the dose fraction f is written as

pXY � |b|
pXY

= e1
pXY

f · eT KI � pY � pXY

+O(e2
1). (SE14)

We focus on the first-order relative difference, i.e.,

pXY � |b|
pXY

⇡ e1u( f ),

where
u( f ) =

pXY

f · eT KI � pY � pXY

,

As the dose is reduced, the value of f decreases, and the denominator of u( f ) decreases. This leads to an increase
in u( f ) and, therefore, an increase in the first-order relative difference. The derivative of the function u( f ) satisfies
u
0( f ) = �(eT KI/pXY )(u( f ))2. This relation implies that the rate of change in u is proportional to its square u

2. Thus,
the condition u( f ) = 1 defines the threshold between a region of slow change in u (when u( f ) < 1), and a region of fast
change in u (when u( f )> 1). Thus, when u( f )> 1, the function u( f ) increases very fast as f decreases, and diverges to
+• when the value of f makes the denominator approaching zero. Consequently, we define the optimal threshold in the
dose reduction as the value fOPT such that

u( fOPT ) = 1.

For this choice, the first order relative difference is

pXY � |b|
pXY

⇡ e1u( fOPT ) = e1.

Solving u( fOPT ) = 1 for fOPT , we find that the optimal reduction fraction is

fOPT =
pY +2pXY

eT KI

. (SE15)

From our estimates it follows that the optimal reduced dose within the patient cohort of 122 selected patients leads to a
minor decline in the treatment efficiency in the order of 3% (IQR [0.2%,8.8%]) (corresponding to 100⇥ e1%), while the
dose can potentially be reduced to 25% of the original dose (IQR [14%,39%]).

S9 Adaptive treatment optimization

Here, we present the deduction of formula (E6) in the Main Text, which expresses pY in terms of (a,b,A,B,B0, f ). First,
from equations (SE5) and (SE7), the intercept B can be approximated as

B = K2 = L0C2 ⇡
pY X

q
L0. (SE16)

vi

with effective  
toxicity 

Yielding the following solution
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given by q = 1, pXY = 0.05, pY X = 0.001, L0 = 100% and pY = 0.2 (corresponding to a latency time T = 6.45 years). In
figure 4C, we used the values q = 0.9, pXY = 0.055, pY X = 0.004, L0 = 100% and pY = 0.24.

In section 13 of this supplementary text we show that an alternative model formulation without LSCs deactivation (pY X =
0) leads to qualitatively similar results.

S4 Approximations for slopes a and b

The exact solution can be simplified by scaling arguments. Indeed, the distributions of parameters q, pXY and pY X in
the patient population show that these parameters are dispersed over several orders of magnitude (figure 1B). Therefore,
defining the scaling parameters

e1 =
pY X

pXY

, e2 =
pXY

q
, e3 =

pY X

q
= e1e2,

we can derive simplified expressions for the slopes a and b. To simplify the expression for a = l1, we substitute pY X =
e1e2q and pXY = e2q in (SE5) and obtain

a = l1 =�q

0

@1+ e2 + e1e2 +
q
(1+(1+ e1)e2)

2 �4e2

2

1

A .

Expanding this expression in power series of e2 we have

a = l1 =�q
�
1+ e1e2 + e1O(e2

2)
�
=�q(1+O(e3)) .

Similarly, to simplify the expression of b = l2, we substitute pY X = e1 pXY and q = pXY/e2 in (SE5), and expand the
result in a power series of e2. We obtain

b = l2 =�pXY

�
1� e1e2 + e1O(e2

2)
�
=�pXY (1+O(e3)) .

Due to the negligible magnitude of e3, we can approximate the slopes as a ⇡ a⇤ =�q, and b ⇡ b⇤ =�pXY .

This is referred to as the approximated solution. Due to the very good agreement between exact and approximated
solutions (relative error of 0.1% for the median patient) and the simplicity of the approximated formulas, one can directly
interpret the bi-phasic decline in terms of the underlying mechanisms (figure 1C,D, supplementary figure S2).

S5 Approximations for model solutions

Additionally, we deduce approximations Y
⇤(t) and X

⇤(t) for the numbers of proliferating and quiescent LSCs, as well
approximations L

Y⇤
MOD

(t) and L
X⇤
MOD

(t) for the respective modeled BCR-ABL1 levels. See figure 1C and supplementary
figure S2 for a comparison of such approximations with exact solutions.

First, substituting pY X = e1e2q and pXY = e2q in the expressions for C1 and C2, and expanding the results as power series
of e2, we obtain

C1 = 1� e3 +O(e2e3) and C2 = e3 +O(e2e3).

Retaining the terms up to order e3, we obtain the approximations

C1 ⇡C
⇤
1 = 1� pY X

q
and C2 ⇡C

⇤
2 =

pY X

q
. (SE7)

Additionally, using the approximations l1 = a ⇡�q and l2 = b ⇡�pXY , we obtain the approximation

Y (t)⇡ Y
⇤(t) = Y0

�
C
⇤
1e

qt +C
⇤
2e

�pXY t
�
= Y0

✓
1� pY X

q

◆
e
�qt +Y0

✓
pY X

q

◆
e
�pXY t . (SE8)

The corresponding approximation for the BCR-ABL1 levels of proliferating LSCs is

L
Y

MOD
(t)⇡ L

Y⇤
MOD

(t) = 100⇥ Y
⇤(t)

TY

= L0

✓
1� pXY

q

◆
e
�qt +L0

pXY

q
e
�pXY t . (SE9)

Now, we obtain approximations for the quiescent LSCs. To simplify the expressions for C3 and C4, we use the same
procedure as above for C1 and C2, and obtain

C3 =�e3 � e2e3 +O(e3e2
2), C4 = e1 + e3 � e2e3 +O(e3e2

2 + e2
3).
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2

1

A .

Expanding this expression in power series of e2 we have

a = l1 =�q
�
1+ e1e2 + e1O(e2

2)
�
=�q(1+O(e3)) .

Similarly, to simplify the expression of b = l2, we substitute pY X = e1 pXY and q = pXY/e2 in (SE5), and expand the
result in a power series of e2. We obtain

b = l2 =�pXY

�
1� e1e2 + e1O(e2

2)
�
=�pXY (1+O(e3)) .

Due to the negligible magnitude of e3, we can approximate the slopes as a ⇡ a⇤ =�q, and b ⇡ b⇤ =�pXY .

This is referred to as the approximated solution. Due to the very good agreement between exact and approximated
solutions (relative error of 0.1% for the median patient) and the simplicity of the approximated formulas, one can directly
interpret the bi-phasic decline in terms of the underlying mechanisms (figure 1C,D, supplementary figure S2).

S5 Approximations for model solutions

Additionally, we deduce approximations Y
⇤(t) and X

⇤(t) for the numbers of proliferating and quiescent LSCs, as well
approximations L

Y⇤
MOD

(t) and L
X⇤
MOD

(t) for the respective modeled BCR-ABL1 levels. See figure 1C and supplementary
figure S2 for a comparison of such approximations with exact solutions.

First, substituting pY X = e1e2q and pXY = e2q in the expressions for C1 and C2, and expanding the results as power series
of e2, we obtain

C1 = 1� e3 +O(e2e3) and C2 = e3 +O(e2e3).

Retaining the terms up to order e3, we obtain the approximations

C1 ⇡C
⇤
1 = 1� pY X

q
and C2 ⇡C

⇤
2 =

pY X

q
. (SE7)

Additionally, using the approximations l1 = a ⇡�q and l2 = b ⇡�pXY , we obtain the approximation

Y (t)⇡ Y
⇤(t) = Y0

�
C
⇤
1e

qt +C
⇤
2e

�pXY t
�
= Y0

✓
1� pY X

q

◆
e
�qt +Y0

✓
pY X

q

◆
e
�pXY t . (SE8)

The corresponding approximation for the BCR-ABL1 levels of proliferating LSCs is

L
Y

MOD
(t)⇡ L

Y⇤
MOD

(t) = 100⇥ Y
⇤(t)

TY

= L0

✓
1� pXY

q

◆
e
�qt +L0

pXY

q
e
�pXY t . (SE9)

Now, we obtain approximations for the quiescent LSCs. To simplify the expressions for C3 and C4, we use the same
procedure as above for C1 and C2, and obtain

C3 =�e3 � e2e3 +O(e3e2
2), C4 = e1 + e3 � e2e3 +O(e3e2

2 + e2
3).

iv
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Figure	1.	Mathematical	model	for	CML	treatment	and	mechanistic	interpretation	of	the	bi-phasic	decline.	(A)	
Schematic	model	 representation	with	three	cell	 types:	quiescent	 (9,	blue)	and	proliferating	 (>,	 red,	 turnover	
with	rate	;=)	leukemic	stem	cells	(LSCs),	and	differentiated	leukemic	cells	(LCs),	denoted	by	D	(green,	generated	
with	 rate	 ;E,	 decaying	 with	 rate	 FE).	 The	 model	 assumes	 (i)	 mechanisms	 of	 activation/deactivation	 of	
quiescent/proliferating	LSCs	with	rates	;<=	and	;=<	and	(ii)	a	cytotoxic	effect	of	TKI	on	proliferating	LSCs	with	
intensity	+@AB.	Assuming	a	constant	total	number	of	cells,	9, >,	and	D	are	interpreted	as	proportions	of	leukemic	
cells	in	their	corresponding	compartments.	(B)	The	mechanistic	model	parameters	(TKI	net	effect	(I = +@AB −
;=),	activation	rate	of	quiescent	LSCs	(;<=),	deactivation	rate	of	proliferating	LSCs	(;=<))	were	fitted	to	individual	

	 7	

	
Figure	1.	Mathematical	model	for	CML	treatment	and	mechanistic	interpretation	of	the	bi-phasic	decline.	(A)	
Schematic	model	 representation	with	three	cell	 types:	quiescent	 (9,	blue)	and	proliferating	 (>,	 red,	 turnover	
with	rate	;=)	leukemic	stem	cells	(LSCs),	and	differentiated	leukemic	cells	(LCs),	denoted	by	D	(green,	generated	
with	 rate	 ;E,	 decaying	 with	 rate	 FE).	 The	 model	 assumes	 (i)	 mechanisms	 of	 activation/deactivation	 of	
quiescent/proliferating	LSCs	with	rates	;<=	and	;=<	and	(ii)	a	cytotoxic	effect	of	TKI	on	proliferating	LSCs	with	
intensity	+@AB.	Assuming	a	constant	total	number	of	cells,	9, >,	and	D	are	interpreted	as	proportions	of	leukemic	
cells	in	their	corresponding	compartments.	(B)	The	mechanistic	model	parameters	(TKI	net	effect	(I = +@AB −
;=),	activation	rate	of	quiescent	LSCs	(;<=),	deactivation	rate	of	proliferating	LSCs	(;=<))	were	fitted	to	individual	

second slope is not primarily 
determined by the drug availability  

potential for dose reduction 
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Summary

It is an open conceptual and formal question whether quiescence and 
activation in HSCs are truly two distinct and discrete states, or 
whether they are better understood as two extremes along a 

continuous spectrum of functional activity. The continuous concept 
can incorporate further aspects of functional and phenotypic 

heterogeneity and confers a dynamic perspective on stem cells.  

HSC heterogeneity is a feature not a mistake. 


