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1 General formula for analytic scaling and noise parameters

In the main manuscript, we covered experimental data sets which have different time points. Here, we provide
the derivation of the expressions for the general case, in which the experimental data also comprise different
replicates, experiments, and conditions, e.g., varying drug doses. We considered that the ODE system also

depends on an input u € R™,
x = f(x(¢,0),0,u), x(to,0,u)=2x0(0,u), (1)
thus, f: R™ x R™ x R™ — R"_ which also affects the mapping to the observables
y(t,0,u) = h(x(t,0),0,u). (2)
The experimental data is then given by

D= {{{{yk,r,cevtk,csauce}k}r}ceele} (3)

e b
including all indices for time point k, replicate r, experiment-specific condition ¢, and experiment e. The
indices I. indicate which conditions correspond to a certain experiment. The measurements are mapped to
the states by

Yikyrice = Siyree * h?(x(tk,cw 0)7 0, uce) T Eikrce s

with € . rc. ~ N(0, UZZ,T‘,Ce) or €; i r.c. ~ Laplace(0,0; .. ), and s;, ., = 1 for absolute measurements. Also, the
structure of the mapping from states to observables might be experiment-specific. The negative log-likelihood
is given by

‘](07 S, 0') = - Z Z logp(gi,k,r,ce |5i,7“,ce ’ hf(x(tk,cea 0), 0, uce)a Ui,r,ce) . (4)

eik,r ce€le

In the main manuscript, we presented the analytic formulas for the case that each observable and correspond-
ing replicate has different scaling and noise parameters, but that these parameters do not change between
conditions and time points. A more general formula is provided in the following, covering, e.g., the case that
replicates share the same scaling parameters, but observables do not. This can be easily generalized to also

include variability between time points.

1.1 (Gaussian noise

The general objective function under Gaussian noise is given by

1
J(0,s,0)= 3 Z Z log (270 e, ) +

i, k,e ce€le

<:Ui,k:,7“,ce — Siyrce h?(x(tk,cm 9)7 0) uCe) ) ?

Ti,r,ce
To define which replicates, observables, and experiments share a scaling or noise parameter, we define

Iis Iicr C Niy X N'ir X Nie ,

s 70O



forig=1,...,nsand i, = 1,...,n,. The number of replicates is denoted by n, and the number of experiments
by ne. This means, all scaling parameters s« .« .« for which the indices (i*,r*,e*) are part of the same group
I share the same scaling parameters. This yields ng different scaling parameters that are estimated from the
data. For this we denote I’s(i*,r*, ¢) the group which includes the indices (i*,r*, ¢}). This is analogously for

the noise parameters. The derivative of the objective function with respect to a scaling parameter thus reads

aJ 1 2 - e € !
Y 5 Z Z UT(yi,k,r,ce — Six el hl (X(tk,cev 0)7 0, uce)) ’ (_hz (x(tk,ce7 0)7 0, uce)) =0,

882'* r* c* n
) e k’e (i, 7, ce) c 7,7,Ce
Iis(i*,r*,cy)

(6)

and was set to zero to obtain the analytic expression for the optimal scaling parameter. The solution does not
depend on the noise parameters if I's C I Vi,, and we solve the equation with respect to Six r+ cx to obtain

the optimal value

Z Z gi7k7ryce ’ h’Le (X(tk,ce7 0)7 97 uce)

kve _(ia T, ce) €
Ils(i*,r*,ck)

E Z hf(x(tk,ce?0)797uce)2

k7e (i, T Ce) €
Ils(i*,r*,ck)

Sk gk Ak T—
Si T 5Ce

If there exists some h§(x(tx.c.,0),0,u.,) # 0, then

0%J _ Z Z hé(x(tk ., 0),0,uc,)? 0.

2 2
a S’i* r* c* -
Toe k?,(i ‘(i, T, ce) € bTsCe

Ils(i*,r*,ck)

This yields that 8« .+ is the unique optimal scaling parameter, which minimizes , for a given set of
dynamic parameters 0. If Vi, k, cc : h§(X(tgc.,0),0,u.,) = 0, the scaling parameter does not have an effect

on the objective function.

For the noise parameters, we need

oJ 1 gi,k,r,ce_Si,r,ce’hf(x(tk,cea0)70>uce) 2 !
e DED IR ( L. @

80'* * ok K ko O4% p* c*
ek TS ke (imee) € T 5Ce

Iiﬂ' (@*,r*,el)



We write

Tix e e

1 Yikrce — Szrch( (tkc,0)79,uc) 2
. 1_ syl hCe € e € :0
i) MDD MR
k,e (i,7,ce) € e

Iff" G@*,r*,el)

S Ol d D 1=Y > (Bikee — Simee - D (X(th ., 0),0,uc,))°
k,e k,e

(i,7,¢ce) € (i, 7,ce) €
I"""(i*,'r'* cl) Ii"(i*ﬂ'*,c:)
~9 B . )
- O rree T Z Z (yi,k,r,ce — Siree hz (X(tk,ce, 9)7 97 uCe)) )

Z Z 1 k.e (i,7yce) €
ke (iree) € G )

Ij,“(i*,'r*,c:)

©)

in which (), the nominator, is simply the number of observations in which oy .« .« appears. In some cases,

for instance if all experiments share the same scaling parameter, we neglected the superscript e.

Since
0%J (0 S, 0' B Z Q(gi,k,r,ce — Siyree (X(tk Ces ) 0auce))2 012* ¥ CE
- ~6
Pk e ke (iree) e Tie e e

I;" G*,r*, k)

=5 Z Z 2 (gi,k,r,ce — Siree hf(x(tk,ceu 0),0, uce))2

r¥.ce ke (zrce)E
17‘”(7, ,rr,el)

D D Y

ke  (i,rce) €

1 (%1% )

1 ~2
el EUESD DD DR B MRS DD DR
17,77 ,Ce k,e (i,7,ce) € k,e (i,7,ce) €
I2o(i*,r*,ck) ILo (i, r*,cl)
2
= >0
O v e

the noise parameter 62-2* = o+ 15 the unique parameter minimizing .
b e

The gradient used for optimization is given by

Z Z yzkrce ST,T‘Ce'hl( (tkceae)agauce) ~ ahf(x(tk,cevg)a0>uce)

52 *Sirce )
i,rk,ece€le “’Ce 90
. .y OhS (x(tp.e..0),0,uc) ) e ) )
or which — ¥ is obtained by forward sensitivity equations employed in AMICI. Moreover,
aJ 0J
a. = Oa o = 07
0s oo



because of (6]) and (7). The Hessian with respect to the dynamic parameters is

Z Z <sme>2 OnE (x(th.e.,0),0,u.,) ah;.f<x(tk,c5,¢sv),e,uCe)+

ae ae, 2 \Gira, 26, 26,
Yikrce — <§i,r,cE ) hf(x(tk,cea 0)> 0, uCe) .5 . a2hf(x(tk,cea 0)7 0, uCe)
e T ogon
()

For the remaining parameters, the Hessian is zero. We implemented an approximation of the Hessian neglecting

the terms (x) that include higher-order sensitivities.

1.2 Laplace noise

Laplace noise provides more reliable parameter estimates in the case of outlier-corrupted data, without having
problems of overfitting the data in the case of limited amount of data, as, e.g., Student’s t noise (Maier et al.,
2017). For Laplace noise, the expression for the optimal scaling and noise parameters can be generalized

analogously to Section The objective function for the general case is

e — Siren - he(X(th .o, 8), 0
0 s, 0' Z Z log 201TC6 ‘yl7k77‘7ce Si,ryce z(X( kyce» )7 7uCe)’ ] (8)

Tirc
i,k,rece€le ,TCe

The derivative with respect to a scaling parameter is

1 Yik,r,c
- = . h¢ t 079797 c . )R, Ce — S g o
857, ¥ CE Z Z i <| Z(X( e ) " e)’ wen (hf(x(tk,ceao)veguce) s e))

Oirc
ke (i,r,ce) € e
Ils(i*,r*,ck)

with jump points

Yikrc
Sik,rce — Te - ' (9)
{ W (5., 0), 0,01 }(z’,ncaelis '

(*,r*.c)els® ) ke

These jump points are the candidates for the optimal scaling parameter and the candidate for which the sign

of the derivative changes is chosen. For the optimal noise parameter we have

Ui k,r,c _Airc - h§ 3 670707 C !
aJ Z Z <1_‘y7k776 S77€ ’L(X( k,e ) ue)’);o (10)

an*,r*,c* 0% r cx Oi* r* ck

ke  (i,r,ce) €
Ilo(i*,r*,¢})

6-7,* r* c* = — T
) e § : § : 1
kze .(7;7T‘1C8> S
Ilo(i*,r*,ck)

Yikyr,c A
S he(x(th e, 0),0,us,)| - T
(’ ’L( (k7€ ) e)‘ hf<x(tk7ce70)707uce) S ;T ,Ce

k7e ,(i’ T, ce) €
Ilo(i*,r*,ck)

).



Analogously to Section it can be shown that 62 7+ c: inimizes (8])-

The gradient used for optimization is given by

Z Z sgn yzkrce Szrce : h(‘a(x(tk,ceve)yavuce)) )

i,r.k,ece€le UZTC@
A ahf (X(tk,cev 0)7 07 uce) e a<§i,7‘,ce
<$Z,T,Ce : 80 + hz (X<tk,cea 9)7 07 uce) ' 89 )

is obtained by forward sensitivity equations employed in AMICI. Moreover, % =0,

for which

because of )

8hf (X(tk,ce 70)70711(;5 )
o0

2 Comparison of data and simulation at a logarithmic scale

In the main manuscript and Supplementary Information, Section [I we provided the formulas for the compar-
ison of data and simulation on a linear scale. However, sometimes it might be more appropriate to compare

experimental data and simulation on a logarithmic scale.

2.1 Gaussian noise

For Gaussian noise, the objective function for the comparison on the logarithmic scale is given by

log(Yi kre.) — 1 iren - hE (X (the.,0),0,u, 2
J(0,s,0) = ZZlogQWMCP)+<og(y,k,,e) 08 (Sirc = hE (X (trc,, 0) ue))>

Oi,r.c
1kreceefe e

Thus, the derivative with respect to the scaling parameters is

2 (log(gi,k,r,ce) - 10g(8i*,T*762) - log(hf (X (tk,ce7 9) 797 uce))) Py Tl* .

§ § sCe
857, Tk o¢ 2

ke  (i,r,ce) € 1,7
Iis (i, r*, ck)

This yields the formula for the optimal scaling parameters

Z Z log(gi,k,r,ce) - log(hf (X (tk,cc7 0) ) 07 uce))

k},@ (3,7, ce) €
Ils(i*,r*,ck)

§i*,r* ct = €xXp
e > o2 1

ke (irce) e
Iis(i*,r*,c:)

and

~ _ A 2
g =y ol (1o8Wikne) ~108(i e B (Xt 0).6e)) . (12)
k.e (G, cp) €
I"U(z r*,ck)

kve (i,7,ce) €
I“’(i*,r*,c:)



The gradient used for optimization is given by

Z Z 9. log yz krce) log(szrce : hf(x(tk,cey 9)7 97 uce)) ]

i,r,k,e cc€le zrce
1 Oh§ (x(tk,c.,0),0,uc,)
he (x(tk,c.. 0), 0, uc,) o0 :

If the data is compared at logig scale, as, e.g., for the JAK-STAT signaling model proposed by [Bachmann
et al. (2011), the negative log-likelihood function reads

1 Ui kr.c -1 irc'h¢ tC,O,O, c 2
J(0,s,0) = Z Zlongalrce) (Oglo(y,k,,e) 0810 (Sirce - hS (X (k.. 0) ue))> .

Oi,r,c
zkreceele ,T5Ce

The optimal scaling parameters here are the same as when using the natural logarithm . For the optimal

noise parameters the log is replaced by logig in .

2.2 Laplace noise

For the Laplace distribution including the logarithmic comparison

1 Yi ke r.c —1 2,7,C, - h§ t 079 707 c
JO.5.0)= 3 " log(20ipe,) + 18 Wikrice) 7108 (Siree M (% (fhcc:8). 8, ue.))

i,k,riece€le 1,7

the same procedure can be applied for the logarithmic scale as for the linear scale, with the same set of
candidate scaling parameters @ as for the linear scale. However, one has to pay attention to adapt the

derivative properly, for which the change of signs is checked. The optimal noise parameters then is given by

6-7;* rref m e —
’ e z : z : 1
k7e .(i,’r,cg) €
Ibe (i*,r",ck)

log(gikrc ) N
log (A (x (k... 0).6,uc.))]| - s — Spx ek
; (i ;)e <| g( ( ( 5 ) ))| log(hﬂx(tk,cm9)797110@)) ©

If,"(i*,r*,cz)

) |

The gradient used for optimization is given by

Z Z SgI IOg 3/1 krce) log(szrce : hf(x(tk,ce;0)707uce))) .

U
i,r.k,ece€le LTCe

1 8hze (X(tkﬁe? 0)7 0, uce) 1 agi,r,ce
: +— .
hs(x(tk,c.,0),0,uc,) 00 Sirce 00



3 Profile likelihood calculation

The uncertainty of parameter estimates was evaluated using profile likelihoods (Raue et al.,2009)). The profile

likelihood for parameter 6; is given by

PL(0;) = max L(0,s, o)
Oz

= exp (— min J(0,s,a)> )

9j7é7;,s,0'

Employing the hierarchical approach for optimization for the calculation of the profile likelihood, we obtain

PL(6;) =exp (—IQI;;IZI J(6,5(0), &(9)))

with (§(0),6(0)) = argmin J(0,s, o).
5,0
The profile likelihoods employing the hierarchical approach are the same as for the standard approach if the
scaling and noise parameters are unconstrained, since the profile comprises only objective function values of
optimal scaling and noise parameter. As shown before, the optimal values are the same for the standard and
the hierarchical approach and thus also the objective function and the resulting profile likelihoods are the
same. If the gradient in the standard approach is zero, also the gradient in the hierarchical approach is zero

due to the uniqueness of the optimal values calculated in the hierarchical approach.

4 Implementation

We implemented the log-likelihood function and the analytic calculation of the scaling and noise parameters in
easy-to-use MATLAB functions. The log-likelihood function is provided in loglikelihoodHierarchical .m,
which provides the log-likelihood value, the gradient of the log-likelihood function with respect to the dynamic
parameters, and in the case of Gaussian noise also an approximation to the Hessian by neglecting second-
order derivatives. The functions and examples are incorporated in the toolbox PESTO (Stapor et al., |2018b])
and can be found on GitHub: http://github.com/ICB-DCM/PESTO. This toolbox employs the MATLAB
function fmincon. We use the interior-point algorithm, which stops the optimization if a threshold for the
norm of the gradient, the size of a step, the change in the objective function value or a maximal number of
iterations reached. For the profile calculation we used the interior-point and trust-region-reflective algorithm
as proposed by [Stapor et al.|(2018a). The simulated observables, their sensitivities, the experimental data,
and the specification of measurement noise, scale of comparison between simulation and data, and shared

parameters needs to be supplied by the user.

For our analysis, we employed the toolbox AMICI (Frohlich et al., [2017) for the simulation of the system and
the simulation of the sensitivities, and the toolbox PESTO (Stapor et al.. 2018b|) for the estimation of the
parameters. All calculations were performed on a server with 2 AMD Opteron 6234 processors, each 2.4 GHz,

and 96GB memory.


http://github.com/ICB-DCM/PESTO

5 Models and experimental data

In the following, we provide the details of the mathematical models. The considered models vary in their
number of parameters (Figure 6A), number of data points that are used to calibrate the models (Figure[STJA),
and number of states of the underlying ODE system (Figure [SIB).

5.1 JAK-STAT signaling I

For the first model, we used the model introduced by |Schelker et al| (2012)), which is defined by the ODE

System

a[sgzm _ Qiﬁ (Qnue [DSTATS] py — Qe [STAT] py g)
3[13581;“} — 9y [pSTAT]? — [STAT] p1 ¢
G[pSTAgtpSTAT} = po [PSTATI? — p3 [PSTAT_pSTAT]
E’WS;;AT” = — o (Qey [STAT] — Qe [STAT)o + 2 Quc [nSTAT]
+ Quue [DSTAT2] + Quue [BSTAT3] + Qe [nSTATY]
+ Qe [NSTATS] + Qeyt [PSTAT] + 2 Qe [PSTAT_pSTAT)
8[115;@ — p4 (STAT1] — [nSTAT?2))
6[nS:9F£4T3} — p1 ([NSTAT2] — [nSTAT3])
‘%SgtAT‘ﬂ — py ((STAT3] — [nSTAT4])
W — pa ([nSTAT4] — [nSTATS)),

with kinetic parameters p1, ..., p4. The brackets indicate the concentrations of the corresponding species. The

initial conditions are given by
x(to) = (1, [pSTAT]o, [pPSTAT pSTAT]g, [nSTAT1]o, [nSTAT2]o, [nSTAT3]y, [nSTAT4]o, [nSTAT5]0)” ,

for which the initial condition for STAT is set to 1 in order to remove structural non-identifiabilities (Schelker
et al.l 2012). The states nSTAT1,...,nSTATS5 are intermediate steps, resulting from a linear chain approxi-
mation to model the delay of STAT binding to the DNA in the nucleus. The volumes of the cytoplasm and
nucleus are denoted by eyt = 1.4pl and Qyue = 0.45pl, respectively (Raue et al., |2009).

The observables are defined by y; for total concentration of phosphorylated STAT in the cytoplasm (pSTAT),
ys for the total concentration of STAT in the cytoplasm (tSTAT), and ys for the phosphorylated Epo receptors
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Supplementary Figure S1: Comparison of the models and optimization approaches. (A) Number of experi-
mental data points used to calibrate the models. (B) Number of states n,. (C) Percentage of starts for which
the hierarchical approach was faster than the standard approach.
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(pEpoR) (see Figure 3A in the main manuscript). They are linked to the states of the system via

y1 = s1 (01 + [pPSTAT] + 2[pSTAT _pSTAT])
y2 = s2 (02 + [STAT] + [pSTAT] + 2[pSTAT _pSTAT])
Ys=g-

The concentration of Epo receptors is modeled as time-dependent cubic spline function g with parameters
spi,--.,Sp5, which are also estimated from the data. The parameters 0; and oy define the offsets needed to
model the background noise. The model comprises the parameters q = (p1, p2, ps, P4, SP1, SP2, SP3, SP4, SD5,
01,092, 81, 82,01,02,03)", for which @ = (py, p2, p3, Pa, SP1, SP2, 5P3, SP4, SP5, 01, 02) Was optimized in the outer
optimization problem of the hierarchical approach. The scaling parameters s = (s1, s2) and noise parameters
o = (01,09,03) for observables y1, y2, and ys, respectively, were optimized in the inner optimization problem.
The subscript for these parameters indicates the observable. We neglected indices 7, e, and ¢, since only one
experiment, replicate, and condition is considered. The parameter boundaries for the optimization are given
by

logyo(q)ib = (=5, -3, -5,—-3,—5, =5, -5, =5, —6, —5, =5, =5, =5, =5, —5, —5)T
for the lower bound and

log1o(qQ)uw = (3,6,3,6,3,3,3,3,3,3,3,3,3,3,3,3)7 .

for the upper bound (Maier et al., 2017). We performed 100 optimizations, starting from randomly drawn

parameter values. The starting points for the dynamic parameters were the same for both optimization
approaches. For a high fraction of the starts, the hierarchical approach was faster than the standard approach
(Figure [SI|C).

The trajectories of the optimizer for the dynamic parameters differ between the standard and the hierarchical
approach (Figure . For the example shown in Figure the hierarchical approach needs less than half of

the steps as the standard approach. Both approaches, however, yield the same parameter values. This is by

10
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Supplementary Figure S2: Optimization paths for JAK-STAT signaling I. (A) Objective function values and
(B) parameter values at each optimization step.

chance true for these runs, but more generally also for multi-start optimization and other global optimization
methods.

To evaluate the possibility of using the hierarchical optimization also within global optimization, we repeated

the analysis using an particle swarm algorithm (Vaz and Vicente, 2009), which does not need gradient infor-

mation and thus might be more appropriate in case of the non-differentiability of Laplace noise. The waterfall
plots are shown in Figure Interestingly, only the hierarchical optimization for the Gaussian noise was
able to find the same optimum as the deterministic optimization. For the other settings the convergence suf-
fered. However, as for the optimization with fmincon, the hierarchical approach was superior to the standard

approach and the Laplace noise fitted the data better than the Gaussian noise.

We evaluated the uncertainty of the parameters using profile likelihoods (Raue et al., 2009). Employing the
standard and the hierarchical approach within the routine for the profile likelihood calculation showed that
the profiles coincide for the Gaussian distribution (Figure [S4A). While optimization worked well using the
Laplace noise, the profile calculation for the Laplace noise for the models considered here showed difficulties,
especially when using the standard approach (Figure ) Profile calculation for the Laplace noise with
the standard method failed to determine the true profile. The profile dropped too early (as visible from

the comparison of standard and hierarchical approach) and therefore underestimated the uncertainty. This
demonstrates the relevance of the hierarchical approach. In Table we report the maximum likelihood
estimates and confidence intervals for both approaches. Further analysis and method development is required
to enable a robust profile calculation with Laplace noise, however, employing the hierarchical approach for

optimization is already an substantial improvement.
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Supplementary Figure S3: Likelihood waterfall plot for JAK-STAT signaling I using particle swarm optimiza-

tion.

Supplementary Table S1: Optimization results for JAK-STAT signaling I. The maximum likelihood
estimates (MLE) and 95% confidence intervals (CI) are provided for the logjo-parameter values for the standard
(st.) and the hierarchical (hier.) approach.

Gaussian Laplace
parameter MLE [logio] CI [logo] MLE [logio] CI [logo]
st. hier. st. hier. st. hier. st. hier.
P1 0.603 0.603 [0.327,0.906] [0.327,0.908] 0.6 0.601 [0.526,0.65] [0.517,0.675]
D2 6 6 [-0.0335,>6] [-0.04,>6] 4.33 5.06 [0.962,>6] [1.1,>6]
D3 -0.955 -0.955 [-1.13,-0.761] [-1.13,-0.761] -0.977 -0.978 [-1.06,-0.876] [-1.07,-0.882]
D4 -0.0111 | -0.0111 [-0.107,0.136] [-0.108,0.137] 0.027 0.0261 [-0.0718,0.078] [-0.0653,0.0799]
sp1 281 | -2.81 [-3.99,-2.02] [-3.98,-2.02] 264 | -2.64 [-2.81,-2.49] [-3.65,-2.28]
sp2 -0.256 -0.256 [-0.355,-0.175] [-0.355,-0.175] -0.265 -0.266 [-0.32,-0.225] [-0.325,-0.21]
sp3 -0.0765 | -0.0765 | [-0.122,-0.0369] | [-0.122,-0.0373] | -0.0652 | -0.0652 | [-0.0842,-0.0402] | [-0.102,-0.0358]
Spa -0.407 -0.407 [-0.508,-0.322] [-0.509,-0.322] -0.422 -0.419 [-0.505,-0.391] [-0.507,-0.36]
sps -5.46 -5.46 [<-6,-2.23] [<-6,-2.23] -4.37 -4.49 [<-6,-2.69] [<-6,-2.61]
offsettsTar | -0.623 -0.623 [<-5,-0.203] [<-5,-0.2] -1.11 -1.11 [<-5,-0.545] [<-5,-0.518]
offsetpsrar | -0.664 -0.664 [-0.93,-0.514] [-0.937,-0.512] -0.657 -0.656 [-0.778,-0.522] [-0.74,-0.511]
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Supplementary Figure S4: Profile likelihoods for JAK-STAT signaling I for (A) Gaussian and (B) Laplace
noise.

5.2 JAK-STAT signaling II

The ODE system for JAK-STAT signaling model II is given by (Bachmann et al., [2011)

O[EpoRJAK?2) JAK2EpoRDeaSHP1

= [EpoRpJAK2] = [SHP1Act]
ot lnltSle
AK2EpoRDeaSHP1
+ 2 iE;R caSHPL o 11p1 Act] ([p12EpoRpIAK2] + [plEpoRpJAK?] + [p2EpoRpI AK2])
SHP1
_ [Epo] - [EpoRJAK2] - JAK2ActEpo
[SOCS3] - §ocssmm: + 1
O[EpoRpJAK2] _ [Epo] [EpoRJAK2] JAK2ActEpo  [EpoRpJAK2]EpoRActJAK2
ot [SOCS3] §5csate + 1 [SOCS3] §5ckamm + 1
B 3 - [EpoRpJAK?2] - EpoRACctJAK2
(EpoRCISInh - [EpoRJAK2c1s] + 1) - ([SOCS3] §5G555: + 1)
_ [EpoRpJAKg) JAK2EPORDeaSHPL o0y )
Initsygpi
d[p1EpoRpJAK2 EpoRpJAK?] - EpoRActJAK2  JAK2EpoRDeaSHP1
[PIEpoRpIAK2] _ - [EpoRpJAK2] - EpoRAc - "oRDeaSHPL (511 p ) Act] [pIEpoRpIAK2]
3t [SOCS3]W3EC]C + 1 ll’lltSHPl
B 3 - EpoRActJAK2 - [plEpoRpJAK2]
(EpoRCISInh - [EpoRJAK201s] + 1) - ([SOCS3] §5G5554 + 1)
O[p2EpoRpJAK2] 3 - [EpoRpJAK?2] - EpoRActJAK2
ot (EpoRCISInh - [EpoRJAK201s] + 1) - ([SOCS3] §955554: + 1)
EpoRActJAK? - [p2E AK?2] JAK
_ EpoRActJ so[gsghﬁlORpJ ] J QI?p.oRDeaSHPl SHP1Act] [p2EpoRpJ AK?]
[SOCSg]m +1 lnltSle
d[p12EpoRpJAK2 EpoRActJAK?2 - [p2EpoRpJAK2]  JAK2EpoRDeaSHP1
[P12EpoRpJAKZ _ — EpoRACLIAK2 - [p2EpoRpJAKZ  JAK2EpoRDeaSHPL (opp) o o) . (p19EpoRpIAK2]
ot [SOCS3] socssme +1 initsgp1

3 - EpoRActJAK2 - [plEpoRpJAK2]

EpoRCISInh - [EpoRJAK2c1s] + 1)([SOCS3] §5G555 + 1)

i
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OEPORIAKZCrs] 1 oRyAK2 ] - TRORCISRemove @ o boRpIAK?] + [p1EpoRpJ AK2))
ot initEporIAK2
ISHPY] _ _ Sip1DealSHP1ACH] — [SHP1] - St ACtEPOR
ot initEpoRIAK2
- ([EpoRpJAK2] + [p12EpoRpJAK2] + [p1EpoRpJAK2] + [p2EpoRpJAK?2])
O[SHP1Act) _ _[sHP1]- S.HflActEpoR . ([EpoRpJAK2)
ot itgporIAK2
+ [p12EpoRpJAK?2] + [p1EpoRpJAK2] + [p2EpoRpJAK2]) — SHP1Dea - [SHP1Act]
O[STAT5] _ STAT5Exp - [npSTATS5] - 0.275
o 0.4
ATy S
~ [S0CS3)58G R +1
- ([EpoRpJAK2 + [p12EpoRpJAK2| + [p1EpoRpJAK2] + [p2EpoRpJAK?2])
STAT5ActEpoR ([p12EpoRpJAK?2] + [p1EpoRpJAK2])?
- BTATR ([CIS] GSEh + 1) ([SOCS3] 528530eh 4 1)
EpoRJAK2 CISEqc SOCS3Eqc
O[pSTATS] [STATE)]% - ([EpoRpJAK?2] + [p12EpoRpJAK?2] + [p1EpoRpJAK2] + [p2EpoRpJAK?2])
o [SOCS3]SG6ssmac + 1
2
— STAT5Imp - [pSTATS5] + [STAT5] S_TATQE’A“EPOR : ([pugps?ipmm] + [plEpgoRggﬁf])
lnltiEpoRJAKQ ([CIS} CISEqc + ].) . ([SOCS?)]W + 1)
OmpSTAT5]  STAT5Imp - 0.4 - [pSTATS]
5 = 027E STAT5Exp - [npSTATS5]
9ICISnRNAL] = — [CISnRNA1] - CISRNADelay — # - CISRNATurn - [npSTAT5] - (ActD — 1)
ot MitsTATS
w = [CISnRNA1] - CISRNADelay — [CISnRNAZ2] - CISRNADelay
% — [CISHRNA2] - CISRNADelay — [CISnRNA3] - CISRNADelay
% = [CISnRNA3] - CISRNADelay — [CISHRNAA4] - CISRNADelay
w = [CISnRNA4] - CISRNADelay — [CISnRNAS5] - CISRNADelay
ISRNA 1 NAS5] - CISRNADelay - 0.
J[CISRNA] _ [CISnRNAS5] - CISRNADelay - 0.275 (CISRNA] - CISRNATurn
ot 0.4
8[;{8] = [CISRNA] - CISEqc - CISTurn — [CIS] - CISTurn + CISoe - CISTurn - CISEqcOE - CISEqc
OSOCSSnRNAL] 1, 043nRNAT] - SOCS3RNADelay — — - SOCS3RNATurn - [npSTATS] - (ActD — 1)
ot initgTaTs
8[SOCS§tnRNA2] = [SOCS3nRNA1] - SOCS3RNADelay — [SOCS3nRNA2] - SOCS3RNADelay
a[SOCSS:RNA?’] — [SOCS3nRNA2] - SOCS3RNADelay — [SOCS3nRNA3] - SOCS3RNADelay
NA4
6[SOCS§:R ] = [SOCS3nRNA3| - SOCS3RNADelay — [SOCS3nRNA4| - SOCS3RNADelay
NA
8[SOCS§’fR 5 _ [SOCS3nRNA4] - SOCS3RNADelay — [SOCS3nRNAS] - SOCS3RNADelay
8[SOC88t3RNA] _ [SOCSnRNAS5] - S%leSRNADelay 0275 [SOCSRNA] - SOCSRNATurn
% — [SOCS3RNA] - SOCS3Eqe - SOCS3Turn — [SOCS3] - SOCS3Turn

+ SOCS30e - SOCS3Turn - SOCS3EqcOE - SOCS3Eqc,
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with condition-specific initial conditions (see Table denoted by z; . (0) for observable index ¢ under condition indexed

by ce:

. (0) = initpporyaK2: To.c, (0) = initsars, Tie, (0) = 0,i = {2,3,4,5,8,10,11,12,13, 14,15, 16, 17, 19, 20, 21, 22, 23, 24}, Ve,
(0)=0,i = {6,18,25},cc = {1,2,3,4,5,6,15,...,36}
Z6,c, (0) = U, 2, T18,c, (0) = U, 2 - (CISEqc - CISEqCOE),ce ={7,8,9,10}
0) = initsmp1, ce = {1,2,3,4,5,6,7,8,9,10,11,12,15,. .., 36}
) = (1 + uc, 4 - SHP1ProOE) - initgypi, ce = {13,14}
(0) =0,218,(0) = 0,225, (0) = uc, 3 - (SOCS3Eqc - SOCS3EqcOE), ¢, = {11,12}

The observables are given by

2
y1 = pJAK2,, =Siec, - (om + ————— - ([EpoRpJAK2] + [p1EpoRpJAK2]+
NitgpoRIAK2

[p2EpoRpJAK2] + [plQEpoRpJAKZD)

1
12 = pEpoRau = S2., <027Ce + 76 - ([p1EpoRpJAK?2] + [p2EpoRpJAK2] + [plQEpoRpJAK?])>
INtEpoRIAKS
[CIS]
= CI au = c c
ys = CIS, 53,ce < 93,cec CISch)
SOCS3]
= SOCS3.,, =S4, c
v Sice (04 ‘ SOCS3ch>
ys = tSTATS,, = S5, ( ([STAT5] + [pSTAT5]))
initsTATs
yg = pSTATS,, = S6.c. <06 . [pSTAT5]>
lnltSTAT5
Y7 = STATE)abS = [STAT5
Ys = SHP Lps = [SHP1] + [SHP1Act]
yo = CISaps = [CIS]
y10 = SOCS3,ps = [SOCS3]
[PSTATS]
= pSTAT5B,, = 1
yu = pSTATSBra o1+ 100 A T8 + [STATS]
y12 = SOCS3RNAfqa =14 s12- [SOCS3RNA]
y13 = SOCS3RNAf a5 = 1+ 513 - [SOCS3RNA]
Y14 = SOCS3RNAfac =1+ 514~ [SOCS?)RNA]
Y15 = CISRNA1gA =1+ s15- [CISRNA]
y16 = CISRNA14B =14 514" [CISRNA]
y17 = CISRNA¢4c =14 s17- [CISRNA]
1
118 = tSHP1,, = 5138 - ( - ([SHP1] + [SHP1Act])(1 + (SHP1oe - SHPlProOE)))
mitsgp1
[CIS]
y19 = CISan1 519 CISEqe
B B [CIS]
y20 = CISau2 = S20 CISEqC
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The parameters 6 are

6 = (CISEqc, CISEqcOE, CISInh, CISRNADelay, CISRNATurn, CISTurn, EpoRActJAK2, EpoRCISInh,
EpoRCISRemove, JAK2ActEpo, JAK2EpoRDeaSHP1, SHP1ActEpoR, SHP1Dea, SHP1ProOE,
SOCS3Eqc, SOCS3EqcOE, SOCS3Inh, SOCS3RNADelay, SOCS3RNATurn, SOCS3Turn,
STAT5ActEpoR, STAT5ActJAK2, STAT5Exp, STATSImp, initgporyake, initsupi , initgTaTs
01,1,01,4,01,6,01,7,01,11, 01,13, 01,15, 01,20, 02,1, 02,4, 02 6, 02,7, 02,9, 02,11, 02,13, 02,15, 02,20, 03,1, 03 4, 03,7, 03,11, 03,13,

T
04,1,04,7,04,11, 06,1, 06,2, 06,4, 06,7, 06,11, 06,13)

with ng = 58. For experiment SHPloe (e = 9), the parameter initsyp; was replaced by initggp; - (1 + (SHP1oe -
SHP1ProOE)) in the model equations. For the notation of the offset, scaling, and noise parameters, we neglected the
index r, since these parameters are shared for the replicates. The first subscript indicates the observable, and the second
the condition. However, all conditions belonging to the same experiment share the scaling and offset parameters and
thus the parameters are only listed for the first condition of each experiment. The experiments and corresponding
condition indices are summarized in Table For simplicity, we note the scaling parameters as vector s which contains

only the unique parameters s; ., which need to be estimated from the data. Thus, it is

s = (81,1; 51,4, 51,6, 51,7, 51,11, 51,15, 51,20, 52,1, $2,4, 2,5, 2,7, 52,9, 52,11, 2,13, 52,15, 52,20, 3,1, 53,4, 53,7, $3,11, 3,13,

T
54,1, 54,7,54,11, 55,1, 55,4, 55,13, 56,1, 56,4, 56,7, 56,11, 56,13, 56,26, 512, S13, S14, S15, 516, S17, 518, 519, 320)

with ny = 42. The noise parameters do not differ between experiments or replicates, thus, neglecting the subscripts
for the experiment-specific condition index c. and for the replicate index r, the noise parameters, which need to be

estimated from the data are given by
_ T
o = (017 03,04,05,07,08,09,010,011,012, 018)
with n, = 11. Some observables have the same noise parameters:

g1 = 09
03 =019 = 020,
05 = 0¢ ,

012 =013 =014 =015 =016 — 017 -

A minor modification from the model proposed by Bachmann et al.|(2011)) is that the parameterization for the noise of
pSTAT5B,, does not include an additional parameter for the SOCS3oe experiment, and that the observables for RNA
were fitted in linear space. The observable pSTAT5B,. was also fitted on a linear scale, while the other observables
were compared at a logyg scale (as done by Bachmann et al.| (2011))). In our setting, the offset parameters were also
multiplied with the scaling parameters, which yielded different optimal values for the offset parameters compared to
those found by Bachmann et al.| (2011). We performed 100 multi-starts for Gaussian noise and 200 for Laplace noise for
both optimization approaches. The parameter boundaries are log;,(0)1, = —3 and log;,(€)us = 3, except for

log,(CISEqe, CISInh, EpoRActJAK2, EpoRCISInh, JAK2ActEpo, JAK2EpoRDeaSHP1, SOCS3Turn),, =
(4,12,5,6,9,4,4)T

1og14(04,c.)ib = =5,  1og(0ic.)ub =3 Vi, ce

logyo(8)m = (=3,...,-3)T, logyo(s)ur = (3,...,3)T

logyo(a)m = (=3,...,-3)T, logyy(a)w = (3,...,3)7T.
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Supplementary Table S2: Overview for the experimental data of JAK-STAT signaling model II.

name experiment index e | condition index condition u
ActD ‘ CISoe ‘ SOCS30e | SHP1oe ‘ [Epo] /1076
Long 1 1 0 0 0 0 0.125
Concentration 2 2 0 0 0 0 0.125
RNA 3 3 0 0 0 0 0.125
ActD 4 4 0 0 0 0 0.125
5 1 0 0 0 0.125
Fine 5 6 0 0 0 0 1.25
CISoe 6 7 0 0 0 0 0.125
8 0 1 0 0 0.125
CISoe_pEpoR 7 9 0 0 0 0 0.125
10 0 1 0 0 0.125
SOCS30e 8 11 0 0 0 0 0.125
12 0 0 1 0 0.125
SHP1oe 9 13 0 0 0 0 0.125
14 0 0 0 1 0.125
dose response 7 min 10 15 0 0 0 0 0.0025
16 0 0 0 0 0.025
17 0 0 0 0 0.25
18 0 0 0 0 2.5
19 0 0 0 0 25
dose response 30 min 11 20 0 0 0 0 0.0025
21 0 0 0 0 0.025
22 0 0 0 0 0.125
23 0 0 0 0 0.25
24 0 0 0 0 1.25
25 0 0 0 0 2.5
dose response 10 min 12 26 0 0 0 0 0.0025
27 0 0 0 0 0.0125
28 0 0 0 0 0.025
29 0 0 0 0 0.125
30 0 0 0 0 0.25
31 0 0 0 0 2.5
dose response 90 min 13 32 0 0 0 0 0.0025
33 0 0 0 0 0.1025
34 0 0 0 0 0.125
35 0 0 0 0 0.25
36 0 0 0 0 2.5
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Supplementary Figure S5: Likelihood waterfall for the JAK-STAT signaling model II.

The fitted experimental data for the whole data set are shown in Figure [SG|
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Supplementary Table S3: Optimization results for JAK-STAT signaling II. The maximum likelihood
estimates (MLE) are provided for the logjo-parameter values.

Gaussian Laplace
parameter MLE [log1o] MLE [log1o]
standard | hierarchical | standard | hierarchical
CISEqc 2.78 2.79 2.94 2.93
CISEqcOE -0.423 -0.424 -0.338 -0.33
CISInh 8.69 8.69 10.3 10.2
CISRNADelay -0.861 -0.861 -0.775 -0.785
CISRNATurn 2.74 2.69 -0.496 -0.418
CISTurn -2.16 -2.16 -2.27 -2.27
EpoRActJAK?2 -0.483 -0.483 -0.445 -0.489
EpoRCISInh 5.87 5.87 3.23 4.3
EpoRCISRemove 0.739 0.739 0.252 0.399
JAK2ActEpo 5.86 5.86 5.96 5.97
JAK2EpoRDeaSHP1 2.17 2.17 1.79 1.89
SHP1ActEpoR -3 -3 -2.68 -2.79
SHP1Dea -2.13 -2.13 -2.26 -2.23
SHP1ProOE 0.447 0.447 0.52 0.52
SOCS3Eqc 2.24 2.24 2.59 2.6
SOCS3EqcOE 0.248 0.248 -0.464 -0.475
SOCS3Inh 0.911 0.912 1.33 1.32
SOCS3RNADelay -0.774 -0.774 0.744 1.24
SOCS3RNATurn -1.02 -1.03 -2.33 -2.35
SOCS3Turn 2.93 2.96 1.22 1.2
STAT5ActEpoR 1.31 1.31 1.43 1.44
STAT5ActJAK?2 -1.07 -1.07 -1.29 -1.3
STAT5Exp -1 -1 -1.02 -1.02
STAT5Imp -1.51 -1.51 -1.65 -1.64
initEporJAK2 0.0868 -0.00905 0.00109 0.00854
initsup1 1.43 1.43 1.45 1.45
initstaTs 1.9 1.9 1.84 1.84
03,4 -3.33 -3.33 -3.48 -3.47
03,7 -1.81 -1.81 -1.73 -1.72
03,1 -2.93 -2.93 -2.92 -2.91
03,13 -3.09 -3.09 -3.14 -3.14
03,11 -2.55 -2.55 -2.58 -2.57
04,7 -1.41 -1.41 -1.85 -1.86
04,1 -1.83 -1.83 -2.62 -2.66
04,11 -1.22 -1.22 -1.95 -1.96
02,4 -1.03 -1.03 -0.955 -0.993
02,7 -0.947 -0.947 -0.916 -0.911
02,9 -0.011 -0.0109 -0.126 -0.126
02,20 -3.6 -3.66 -0.672 -0.753
02,15 -0.557 -0.557 -0.662 -0.679
02,6 -0.02 -0.0199 -0.322 -0.307
02,1 -1.73 -1.73 -1.67 -1.67
02,13 -0.857 -0.856 -0.742 -0.741
02,11 -1.05 -1.05 -0.88 -0.876
01,4 -1.66 -1.66 -1.63 -1.62
01,7 -1.93 -1.93 -1.77 -1.75
01,20 -1.73 -1.73 -1.1 -3.12
01,15 -1.05 -1.05 -1.19 -1.18
01,6 -1.26 -1.26 -1.28 -1.27
01,1 -1.95 -1.95 -1.98 -1.96
01,13 -1.93 -1.93 -2.02 -2.01
011 -1.39 -1.39 -1.32 -1.31
06,4 -2.81 -2.81 -2.77 =277
06,7 -1.55 -1.55 -1.51 -1.52
06,2 -0.312 -0.311 -0.165 -0.165
06,1 -3.13 -3.13 -3.09 -3.09
06,13 -1.36 -1.36 -1.31 -1.32
06,11 -2.31 -2.31 -2.43 -2.43
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5.3 RAF/MEK/ERK signaling

The ODE system for the RAF/MEK/ERK signaling model is given by

dzry K

() —— (1 — ) —k
ot b ()K1+[pERK}( 71) = ks
d ks[Raf]o K.

z2 _ ks[Rafo 2701 )~ g

Ot Ky + [sora)

% o k5[MEK]0K3JZ2 (1 . ) . k r
ot Ks+ [UO126] 3o

with states 1 = [pRaf]/[Raf]y, 22 = [PMEK]/[MEK]o, and z3 = [pERK]/[ERK]o, and

t t
k1 max(t) = k1,0 + k1.1 (1 — exp (—)) exp <—>
T1 T2

(see (Fiedler et al. |2016)) for more details). The initial conditions were assumed to be the steady states reached without
stimulation and for kj mayx = k1,0. Defining K; = K, /[ERK]o, k3 = k3[Raf]y and ks = ks[MEK]o, we obtain

2K ke N KPkgk o K2K3RE (k1o + ko)
ks k2 (ksks)?

xl(O) = (Kﬂﬁ,o + (K%kio +

L
2K12k4kgk170 (kLO + kz) 4 2K12k4k6k‘170 (kl,() + kQ) + 4K1k2k4k6k170> : T K1k6k170 _

k2 ks ks s
1R4 6~( ~1,0#L 2) S 2 (ko + Bikio+ Kok + 172G i 1R6R1,0
k3ks ks ks

2K Phaki N KPkgkt o K2k3RE (ki + ko)

= = +
ks k2 (ksks)?

z2(0) = ((K%k%o +

2K kak2ky o (k1,0 + ko) n 2K 2 kakekio (ko + k2) + 4f(1k2k‘4k6k1,0) : n

-

kk? ksks ks
Klkl,O + 1 ~6 1,0 _ 1~ 2~4 6 _ 1 ~4 ~6 1,0 /
ks ksks ksks
Frr 2K ko3 N K32k} K2k3KZ (k1o + ko)® 2K 2kgkZky o (k1o + k),
T ks 2 (Fsks)? e
1
2K kykeki o (k1,0 + k2) n 4K kokskekio | +
];3155 ]:73]:)5
Rikio+ ———0 4+ 220 (2K + —— +2 +1~41’0<~6+2)
]{35 1]'{13 ]{;5 3 k5
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2(0) (( i (ko) s k2 (Fsks)?
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kistin) ) (15 1) (g, 2Pk S
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WIRACUE AN | Qi LT I T L AL S 1’0<~6+1> .
3k ks ksks ks
The observables are given by
Yir = Sl,r[pMEK]
Y2.r = S2,r[pERK] )

for replicates r = 1,...,4. The indices for conditions and experiments are neglected, since the scaling and noise

parameters do not differ for these. The input u describes the concentrations [sora] and [UO126] and the three different

conditions are u; = (0,0)7, ug = (0,30)7, and uz = (5,0)7. The parameters, which are estimated from the data, are

k10 K,
= —k —— ko, Ko, k o, K3, k4, ks MEK]g, &
q <k11’ 1,1, T1, T2, [ERK],’ 2, K2, k3[Raflo, K3, ks, ks lo, ke,

s

T
51,2,51,3, 51,4, 52,1, 52,2, 52,3,52,4,01,2,01,3,01,4,02,1,02,2,02 3, 02,4> .

with specific scaling and noise parameters for replicates and observables. The parameters boundaries for the optimization
are

logyo(@)m = (=7,...,=7)7
logo(@)uwp = (5,...,5)T.

We performed 500 multi-starts for the Gaussian and 1000 starts for the Laplace noise to obtain the optimal parameters.
We calculated the profile likelihoods using the standard and the hierarchical approach (Figure . For this, we used
higher upper boundaries (10'°) for the scaling and noise parameters in the standard approach. The standard approach
underestimates the profiles due to convergence problems during optimization. The profiles lie under the profiles calculated
by the hierarchical approach. A similar problem has been observed by [Stapor et al.| (2018a)) when using only first-order
derivative information. Interestingly, the improved convergence of the hierarchical approach allowed to calculate the
profiles even without the employment of the Hessian. The resulting profiles are also in good agreement with the profiles
calculated by [Stapor et al.| (2018a)), proving again also numerically that the identifiability of the model is not influenced
by the use of the hierarchical approach. For these calculations we employed the interior-point algorithm of fmincon,
which provided for this model more reliable results than the trust-region algorithm. For Laplace noise, both approaches
do not provide reliable profiles.
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Supplementary Figure S7: Likelihood waterfall plot for RAF/MEK/ERK signaling.

Supplementary Table S4: Optimization results for RAF/MEK/ERK signaling. The maximum likeli-
hood estimates (MLE) and 95% confidence interval (CI) are provided for the logjo-parameter values for the
standard (st.) and the hierarchical (hier.) approach.

Gaussian Laplace
parameter MLE [log1o] CI [logio] MLE [log1o] CI [logio]
st. hier. st. hier. st. hier. st. hier.
ks 0.406 | 0.406 [0.338,0.565] [0.0495,>5] | 0.0101 | -0.163 | [-0.138,0.171] | [-0.365,0.369]
k1,1 -1.59 -2.38 [-3.27,-1.58] [<-7,>5] 2.38 -0.52 [2.11,2.93] [<-7,4.65]
ks 0.928 0.928 [0.906,1.27] [0.151,>5] 0.57 0.73 [0.41,0.646] [0.237,1.07]
ks[Raf]o 3.13 1.13 [0.77,4.44] [<-7,>5] 1.67 15 0.253,2] [<-7,>5]
ke -0.125 | -0.125 | [-0.148,-0.0991] | [-0.267,0.104] | 1.26 1.23 [1.09,1.26] [1.09,4.35]
ks[MEK]o | 1.67 4.46 [-0.381,1.71] [-3.2,>5] 1.58 4.38 [1.42,1.86] [-1.81,>5]
Rk -7 -7 [<-7,-3.2] [<-7,-3.2] -5.99 | -6.98 [<-7,-4.57] [-Inf-3.72]
L 144 | -1.44 [-1.45,-1.42] [-3.48-1.32] | -3.6 | -3.52 [-4.05,-3.56] [-Inf,-2.79]
- 5.99 | -6.35 [<-7-2.64] [<-7,1.35] 3.4 2.12 [-4.12,-2.19] [<-7,2.14]
T 0.163 | 0.163 [0.134,0.222] | [-0.102,0.272] | -2.45 | -2.06 [-2.97,-2.2] [-5.94,-1.58]
Ko -0.0447 | -0.0446 | [-0.0823,0.0125] | [-0.292,0.18] | -0.102 | -0.0946 | [-0.223,-0.0495] | [-0.255,0.0732]
Ks -1.25 -1.25 [-1.28,-1.21] [-1.79,-1.03] -0.608 | -0.609 [-0.715,-0.588] [-0.744,>5]

6 Normalization of relative data

An alternative approach to introduce scaling parameters in the model is to normalize the measurements § with respect

to some reference/control measurements {.t and consider the observable

_ ¥
. 13
Y Yref ( )

In the case of Gaussian distributed § ~ N (5, 05) and Gre ~ N (fg,.s 0g,er ), [Thomaseth and Radde] (2016) showed that
this ratio is distributed according to

b(7)d(5 b(y exp (=5
1) - 5 DDy (1), o) .

24



ie] Re]
5 1 N S y ® 1
= i\ ~N /1 =
B os AN [ N B o5
9 J / 2 |I
3 0 = 0
= -5 0 5 4 -2 0 2 4 0 5 = 1 1 0 0 10 -5
° log ;5(k,) log 5(k; ) log ;5(k,) o log ;o(k,) log ;o(ky 4) '09
B T F 1
f
B os /1N d Bosq [ I
g JARN 2 | |
= ob—" ! ! = 0
= 0 2 4 -0.5 0 05 -4 -2 0 2 = 1 -5 0 5 5
° Iogm(ka[Raf]O) Iogm(ke) Iogw(kS[MEK]O) ° log 0(k3[Raf] Iogw(ke) Iogw( 5[MEK]O)
§ 1 TN ] --—\\ § !
/
gos \ /A LN B 05
_8 \ — | N\ _8 ] | ]
5 0 — : £ 0
£ 0 5 0 4 2 0 5 0 5 £ 0 5 -10 5 0o -10
o log 10(K1/[ERK]0) log 10(km/km) Iog1o(7—1) o log 10(K1/[EFIK] ) Iogm(k1 0/k1 1) log 10(7-1)
® 1 { A\ 1 ® 1
o /. \ i o
S 0.5 | /' I\ fl S 0.5 I ‘l A
£ Padh 1.\ A £ | \ < |
£ o5 o0 05 05 0 05 5 0 £ 0 10 05 0 05 -2 - 0
log 14(7,) log ,,(K,) log ;,(K3) Iogm( o) log 1,(Ky) log ,,(K3)
—— hierarchical (Gaussian) standard (Gaussian) Stapor et al., 2018 (Gaussian) == _hierarchical (Laplace) = = = standard (Laplace)

Supplementary Figure S8: Profile likelihoods for RAF/MEK/ERK signaling calculated for (A) Gaussian noise
and (B) Laplace noise using the standard and hierarchical approach for optimization. For Gaussian noise also
the results using hybrid profile calculation proposed by |Stapor et al.| (2018a)) are shown.
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Due to the more complex structure of the noise distribution, it is often anyways assumed that follows a Gaussian

distribution (Degasperi et al [2017). Here, we assessed the error made by this simplifying assumption, in particular the

error of the obtained confidence intervals.

We generated 10° data sets of 10? samples of g} and Jrer as in ([13), with py = 4,05 = 1, g, = 4, and, o4, ., = 1. We
calculated the confidence intervals for my in , using (i) the ratio distribution defined in and (ii) a Gaussian
distribution

g~ N(mg, o5). (16)

For case (i), we estimated the four parameters g, 0y, tig,.;, and, oy, and calculated confidence intervals for based
on profile likelihoods and based on Markov chain Monte Carlo sampling for each of the 10® data sets. For case (ii), we
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Supplementary Figure S9: Coverage ratio for the mean my of the ratio distribution evaluated using 103 data
sets for the Gaussian distribution and the ratio distribution for (A) py,., =4 and (B) pg,., = 2.

estimated the two parameters my, oy and also calculated confidence intervals for the mean based on profile likelihoods
and sampling.

We assessed the appropriateness of the confidence intervals by computing the coverage ratio, which indicates for which
fraction of the 10% data sets the true mean is within the boundaries of the confidence interval at a given confidence
level (Figure ) The confidence intervals using the ratio distribution were more accurate, while the intervals obtained
based on the Gaussian distribution were too narrow and underestimated the uncertainty. Repeating the procedure for
[, = 2 even showed bigger differences when using the different likelihood functions (Figure [SIB).
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