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S1 Equations and fixed parameters in mathematical model
Equation list
A full list of the notation used in equations S1-S18 is given in Table S1, and the value of constants

and parameters which are fixed in the model are shown in Table S2.
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GHK flux equation

B is the permeability of membrane x per unit area to ion n, }¥is the electric PD across membrane x,
F is the Faraday constant, R the universal gas constant, T is the temperature in Kelvin, and z,, is the
valence of the ion in question. a}' is the thermodynamic activity of n in the cell (a} is extracellular
activity), which is related to its chemical concentration via aj* = y[n];, where y is the activity co-
efficient. The current through ion channels in the apical and basolateral membranes can be
determined quantitatively by substituting the appropriate values of V¥, B, [n]; and [n], into

equation S1-S4. Paracellular flux of Na* ( I£3+), K" (1 f) Cl ( Icr ) and gluconate (I ) can also be
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modelled using the GHK formulism. For serosal to luminal paracellular current (flow of positive ions),

the appropriate electrical driving force is - V;, and the relevant concentrations are [n]; and [n],,

which are used in equation S5-S8.

NKCC co-transporter model
Full description of kinetic model and parameter values used is given in (Benjamin & Johnson, 1997).

We describe it briefly here.
The basolateral flux due to co-transport is given by

Inkee(®) = Pnkec Vkee(t)

where pykcc (a free parameter in our model) is the number of co-transporters per unit area of the

basolateral membrane, and vygcc(t) is the turnover rate of a single co-transport protein, given by
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The terms Z}}, .. are determined as follows
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Rate constants and dissociation constants used in this model are K} = 2.42mM, Ky, = 22.38mM,
Ky = 234.74mM, k™% = 37,767s7%, k["" = 1406 571, k;™P™ = 13,196 571, k“!! =
4025 s™1, and they are also taken from reference (Benjamin & Johnson).

Na+*-K+* pump model

Full description of sodium potassium pump model are available in reference (Smith & Crampin,
2004), we use their model description and parameter values. A brief description of the pump model

is outlined here.



Flux from the sodium potassium pump, Jyax (1), is given by

Inak (8) = Pnak Vnak (1)

where v,k (t) is the turnover rate of an individual pump protein, and py4x is the number of pump

proteins per unit area of the basolateral membrane (free parameter in our model).

The turnover rate is given by
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where “:43,4 are the forward and backward rate constants of the reduced 4 stage pump cycle:
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Normalised concentrations:
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Voltage dependent dissociation constants:

(1+AF V,ga}

kd'Na;, = kg’Na;, exp{ IRT
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kd,Nai*' = kg,Na;r exp{
Free inorganic phosphate is given by:

[ZPi];

[Pi] =
1+ [K*]i/kak+pi + [H*)i/kau+pi +[Na*]i/kqna+pi

The term Z in the denominator of Vy,x (t) is given by a sum of permutations of the rate constants
L= ajaza; +ajasaf +araial +ajaiaf
+azaza; + afaza; +afajaf +afaiaf
+ayaza; +afaza; +afaiaz + afafad
+araza; +arafa; +afaia; + afafad

Rate constants used in the pump model are ki = 1050571, k; = 172.1s'mM ™%, ki = 481s7%, k; =
40.1s71, k¥ = 2000s7%, k3 = 79,287.1s"tmM ™2, kj = 32071, k;1 = 40.1s71. Dissociation constants used are
kangr = 15.5mM, kg .+ = 249mM, kg yay = 0.213mM, kg + = 0.5mM, kgpgarp = 2.51mM, ky x+p; = 292mM,

kau+pi = 1.69 X 107* mM, and kg yq+p; = 224mM. Other parameters fixed in this model are [zPi]; =

4.2mM, [H*]; = 8 x 10-5mM, [MgATP] = 9.8mM, [MgADP] = 0.01mM, and A = —0.031.

Determining paracellular permeability from shunt resistance
In our model we assume that under resting conditions the paracellular pathway is only permeable to

Na®, K" and CI ions, therefore the total paracellular or “shunt” current will be given by

Ig=Inos + IG5 + 133



Assuming the paracellular currents are accurately described by the GHK formulism (equations S5-
S7), and that the cation/anion permeability ratio is 1/4 , then in the limit of identical bathing

solutions this expression reduces to

V,y F?

Ig = Pyq RT

([INa*]+ [K*]+2[CI7])
where P,, = PV, = PPl is the permeability of the pathway to cations.
Shunt resistance Ry is related to shunt current via I = V; /R, therefore

b 1/R
P& (F2y/RT) ([Na*]1+ [K*]+ A[CL7])

Mean shunt resistance was measured (Willumsen & Boucher, 1989) to be 412 Q cm? and
623 Q cm? for non-CF and CF epithelia respectively, with solution composition [Na*] = 140mM,

[CI7] = 120mM, and [K*] = 5.2mM. For a non-selective pathway A = 1, we find that
PRon=CF = 329074 x 1078 m/s = 0.0329 um/s
PSF = 2.17616 x 1078 m/s = 0.0218 um/s

If we assume a cation selective paracellular pathway with A = 1/1.3 (Levin et al., 2006; Flynn et al.,

2009) the values we find are
PonCF = 367442 x 1078 m/s = 0.0367um/s
Psa = 2.42989 x 1078 m/s = 0.0243 um/s

All parameter estimation and Monte Carlo filtering analyses were carried out with the following
paracellular transport configurations: (a) B,, unchanged in CF and non-selective, (b) P,, reduced in
CF relative to non-CF and non-selective, (c) B, unchanged in CF and cation-selective, (d) P,

reduced in CF relative to non-CF and cation selective.



For simulations where we assumed a cation selective P,

»a » We also assumed that Pgﬁ = 1.4 PP¢

gluc™

We estimated the ratio of 1.4 based on recreating the experiments of Coakley et al. who found a

permeability ratio Pfﬁ > P;;ZC_ (Coakley et al., 2003).



S2 Model validation

We carried out model validation to assess the stability of the dynamical system to small
perturbations of model variables. The perturbations were introduced for numerical validation only,

and not with the purpose of simulating a particular physiological phenomenon.

Model validation was implemented by adding a forcing term u(t) in a given ODE for a fixed time
interval T1 — T2 (one ODE at a time), and analysing if the system remained stable and behaved in a
physiologically realistic manner throughout the duration of this interval. The amplitude of the
forcing term, ug, was chosen separately for each variable, to reflect the relevant magnitudes of rates
of change that were likely to be seen for that variable during an in silico experiment. We found that
with the optimal non-CF parameter values, the model ODE’s remains stable during and after
perturbations of model variables, regardless of the variable (ODE) being perturbed and regardless of
whether the forcing term is constant or sinusoidal. Further details of a sample of two of these

exercises are provided below.

(a) Constant input: we add the forcing term u(t) in the ODE for volume W;, with uy =

0.1um/s,T1 = 300s & T2 = 1200s, such that

(t)_{O, t<Tlandt>T2
W=, Ti<t<T2

This modifies the ODE in question as follows

dw; . o
Tk R OEIFIGERNG)

The effect of this perturbation on cellular variables such as concentrations and membrane
potentials can be seen in Figure S1. The system remains stable during the forcing, and

relaxes to the same steady state as it was initially in, after the input term is switched off.

(b) Sinusoidal input: we implemented a sinusoidal input into the ODE for moles of Na*, with
Uy = 10 X 107 °mol/cm?,w = n/75s™ %, T1 = 300s & T2 = 1200s

10



(t)—{ 0, t<Tlandt>T2
wt) = u, sin(wt), TI<t<T2
dNa*

ar Inkce(®) — 3 nak () — I;Z+(t)/F Zyg+ +u(t)

See Figure S2 for plots of physiological quantities over time for this perturbation.
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S3 Numerical parameter estimation

The problem of estimating model parameters P; = {Py?., PiE, PR%, pyak » Pnkce, PEE}from

—_—

observed experimental data £ = {[Na*]l [Cl—],, ;la\p, IZ} can be formulated formally as the

following optimisation problem:

+ - - 2
_ [Na¥],(t,) — N Vla/'i(gir)l) [Cl7],(t,) — Cl/f/l((tin)) T -y ) 2
m};nZ I (war), (tn) ’ 1=, (tn) ’ ( oy (tn) )

(S19)

~ 2
+ (Vt(tn) - Vt(tn))

oy, (tn)

subject to the conditions:

1 Model equations: dx/dt = f(x, P)

2 Initial conditions:  x(t = 0, P) = x

Here t,, are the time points for which experimental data is available, X(t,,) is the observed data at
that time point, and x(t,,) are the variable values predicted by the model at those time points.

0¢(t,) is the uncertainty in the experimental data measured at ¢,,.

The first parameter estimation problem we solved was to find P,,,,,_cr Which minimised the
residuals between observed data from non-CF HNE cells and model output, for a combined data set
from two experiments, “+amiloride ” and “+0[Cl~],”. These in silico experiments can be simulated by
setting up the model equations and initial conditions appropriately. Amiloride block of ENaC
channels is simulated assuming P;Jz+ = 0 in model equations dx/dt = f(x, P), but with initial
conditions x, found by solving f (x, P) = 0 where Pﬁg # 0. The assumption that this inhibitor only

affects the apical Na+ transport pathway is commonly made in modelling studies (Horisberger, 2003;

12



Falkenberg & Jakobsson, 2010; Garcia et al., 2013) and also is the basis for interpretation of

amiloride sensitive V; measurements in the standard nasal PD test (Knowles et al., 1995).

For modelling how reducing luminal [C1™] affects system kinetics, initial conditions are found which
solve f(x, P) = 0 with [CI™]; = 120mM, and model equations then are numerically integrated from
this initial condition with [C1™]; now at 3mM and [gluconate] = 117mM (note we assume that a
gluconate concentration is introduced to replace the osmolarity of the Cl" ions which are removed in
this experiment). In both cases the change in model variables x due to the “+amiloride” or
“+0[cI~],” perturbation can be found by taking the difference between the initial conditions and the
new steady state values, Ax; = x;(t > 0) — (x,);. The data used along with the resulting model

output is shown in Table S3.

The second, separate parameter estimation problem was to find P-r which would minimise residuals
between observed data from CF HNE cells and model predicted variable values, again for data from a

combination of “+amiloride” or “+0[Cl7],”. The data used in this problem is listed in Table S4.

In order to implement this formal parameter estimation we created amultistart optimisation
problem in Matlab. A sample of n = 103 randomly generated sets of parameter values P; were
chosen from a uniform distribution U(0, 5 P,) (where Py, is the set of baseline parameter values
described in Table 1 of the main text). These were used as start points for multiple runs of the
minimisation algorithm. The estimation problem (equation S19) was then solved, using fmincon
withthe interior point algorithm, for each randomly chosen start point. The solution which
gave the lowest objective function value, out of resulting sample of minima found by the solver, was
considered to be the global minimum in the region of parameter space searched and hence the

solution to our problem.

The multi-start optimisation problem was run in four different scenarios, to assess the influence of

paracellular permeability (F,,) and selectivity ratios (PIfIJZJr/Png-l and Pg’lg/nglZC_) on the estimated

13



values of PiP, and P2 Initially, we used our baseline estimate for B, and assumed the
paracellular pathway was equally selective (results in Table S5(a)), then we assessed the influence of
an increased shunt resistance in CF, again without selectivity of the paracellular pathway (Table
S5(b)). The effect of a selective paracellular permeability was then assessed with the baseline value
of B, in both CF and non-CF simulations (Table S6(a)), and the effect of selectivity combined with

different CF and non-CF P, (Table S6(b)).

To determine approximate confidence intervals for the parameter values estimated in this manner,
we analysed the remaining parameter sets which gave values of y?(P) within 10% of the global
minimum value )(,Znin(Popt). Then, for each parameter, we computed the difference between the
90" and 10" percentile of values which resulted in this set of y?(P) values, and used this as guide to
the confidence in the original parameter estimate. For example, in Table S6 (b), the value estimated
for PyP, is 0.0214um/s and only a 2.4% change in this value (+0.00064m/s) will increase the sum
of squared residuals by up to 10%, where as we can change our estimate of Pfé? by 82% and only get
similar increases in error, implying the estimate of Py?. is significantly better constrained by the
data. The second benefit of this confidence interval estimate is that it allows us to make a judgement
on whether or not our CF versus non-CF estimates are significantly different, given the data.. Again
in Table S6 (b), we can see the CF estimate of PI‘;§+ is ~85% greater than the non-CF estimate, but

this is much greater than the likely error in both individual estimates, which is ~2% in both cases.

Hence this increase is significant given the different sets of HNE cell data.

Figure S3 shows a plot of the model kinetics given by the optimal parameter values we determined
in the baseline case, estimated from CF HNE cell data. The results of solving S19 for data from non-

CF HNE cells, can be seen in figure 2 of the main text for comparison.
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S4 Determining feasible non-CF and CF parameter distributions

Monte Carlo sampling of parameter values from baseline estimates
To generate a population of individual parameter sets (a unique set of parameter values P; =

{P;Z“ Pcaﬂ, P,?f, PNak » PNKCC Pé’la-} ) representative of the region of parameter space around
the baseline parameter set P, individual P; were randomly chosen from a uniform distribution
(0,5P;) . Each element of P; was chosen from its own uniform distribution (e.g. PI‘JZ+ from

(0,5 x 0.028um/s) etc), and each element was chosen independently of all the other elements.
The factor of 5 is arbitrary, this range is an attempt to represent the variability in transport
parameters likely to be found in different cultures and cells, by not overlooking any physiologically

relevant area of parameter space.

Physiologically realistic steady state behaviour
Equations S13-518 describe a set of coupled ordinary differential equations (ODE’s) of the form

dx/dt = f(x,P), where P is the vector of transport parameters as described previously, and

x ={W, Nal?*, cl;, Ki+, Vrr‘fp, V,,l{a} is a vector containing the model variables. For the model to
predict steady state or homeostatic behaviour, physiological variables must not be changing in time,
and hence the condition dx/dt = 0 must be satisfied. For a given set of parameter values P;, we can
therefore find the associated steady state variable values x; by numerically solving the relevant set

of non-linear equations, f(x,P;) = 0, for x; .

In this study we generated n = 10° parameter sets P; , and solved f(x, P;) = 0 for each, to find the
corresponding set of steady state variable values x; . The non-linear equations were solved using the
Matlab function fmincon with the sgp algorithm. Parameter sets which predicted un-
physiological steady states were discarded. A parameter set was deemed to be un-physiological if it
predicted steady state variable values x; that were not within the ranges which have been observed
in HNE cells in vitro. Table 2 in the main text contains the upper and lower bounds determined for

feasible steady state and kinetic bioelectric properties of normal and CF HNE cells.
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We chose the upper and lower bounds on allowed cellular variables to be the 90th and 10th
percentile respectively, of the distribution measured for each variable, wherever an appropriate
distribution had been published. A distribution of steady state cellular variables has been published
for [Na*],[C17],V,.P ,V;2% & V, in normal and CF HNE cells (Willumsen et al., 1989a, 1989b;

Willumsen & Boucher, 1991b, 1991a).

The upper and lower bounds on the allowed change in cellular variables due to a “+amiloride” or
“+0[Cl™];” experiment was determined differently, as distributions of these quantities was not
presented for in vitro measurements. Here data for initial and final variable values (say V; before
and after amiloride addition) was published as the mean value of the quantity in question, u, plus or

minus the standard error a. In order to calculate the relevant upper and lower bounds on Au, we

used (yfinal - ,uinitl-al) + \/al-znitial + ale-nal since 62 = 02 + o for the variance in ¢, when

¢ = a+ b, and g, g, are the variances associated with measurements of a & b respectively.

Physiologically realistic transport Kinetics
The second stage of model verification was to find parameter sets which predicted realistic transient

behaviour of physiological variables, as well as realistic homeostatic behaviour. To do this we
simulated a number of biologically relevant in silico experiments, for which experimental data on

membrane potential and intracellular concentration kinetics was available.

The two types of simulated experiment carried out were (i) pharmacological block of ENaC channels
and (ii) changing luminal CI" concentration, and these were implemented by appropriate choice of

initial conditions and model equations, as follows:

i. Amiloride block of ENaC channels.

16



Initial conditions are chosen which give a steady state f(x, P) = 0 with a non zero ENaC
permeability (i.e. PI'JZJ, # 0). With these initial conditions, the system dx/dt = f(x, P) is
numerically integrated assuming the ENaC current is completely blocked by amiloride, that is

we set P;Z+ = 0 in the model equations.

ii. Reducing [CI] in the luminal solution.

Initial conditions are chosen which give a steady state f(x, P) = 0 when [ClT]; = 120mM.
Model equations are numerically integrated, from this initial condition, with [Cl™]; now set
to 3mM and a gluconate concentration replacing the lost [CI™]; in the luminal compartment
[gluconate]; = 117mM. We assume gluconate cannot permeate through the cell

Pe

membrane, but will diffuse along the paracellular pathway, creating a current gluc

The net effect of (i) is to block the apical Na* current (i.e.I;ZJ, — 0), and the net effect of (ii) is to
increase the driving force for CI” secretion across the apical membrane (luminal osmolarity remains

the same.

For each parameter set P; which remained after the initial model verification, the two in silico
experiments as described above were simulated by numerically integrating the set of ODE’s S13-518,
with the steady state value x; for that particular parameterisation used as the initial condition.
Numerical integration of the system dx/dt = f(x, P) was carried out in Matlab using the ode15s
function, for a time interval much greater than the relaxation period of the system (t=3600s), to
allow it to reach a new steady state. The changes in physiological variables between old and new
steady states, Ax; = x;(t = 3600s) — (x,); can be recorded and compared with experiment. P;
which predict Ax; that are not physiologically realistic can be discarded. The expected changes in

steady state variables used as filters are listed in Table 2 in the main text.

Parameter sets which predict steady state and kinetic model behaviour in quantitative agreement

with observed data from non-CF HNE cells are shown in Figure S4, and those which can satisfy the CF

17



constraints in Figure S5. Table S7 (non-CF) and Table S8 (CF) contain the 1%, 25", 50", 75" and 99"
percentile points of each of these parameter value distributions, so differences between states can
be examined. Focusing on the non-CF parameter distributions, multiple combinations of transport
parameter values can explain the observed bioelectric properties, but the model equations, in
combination with the bounds placed on model output, impose a structure on the acceptable region
of parameter space. Several correlations between parameter values can be seen (oyqx & P,?f for
example), and several transport parameters can only assume values within a bounded region of the
parameter space searched (PSZ+& Pcaff). It is clear that the value of other transport parameters,
Pnkcc for example, have not been constrained. Any value of pykcc Within the region searched for
this parameter would allow the observed data to be reproduced, so long as the other parameter

values were chosen appropriately.

Influence of paracellular permeability & selectivity on feasible parameter distributions
As well as performing the MC filtering analysis for our baseline estimate value of B, , we also
repeated the analysis to assess whether increased shunt resistance in CF or selective paracellular
permeability would significantly alter the outcomes. In line with our parameter estimation work, we
separately investigated the effect of (i) reduced P, in CF HNE cells, (ii) differential ionic selectivity in
Pyq and (iii) reduced B, in CF combined with selective paracellular transport. The results of these
further MC filtering analysis can be seen in figures Figure S6 - Figure S8. Qualitatively the relative

difference between CF and non-CF P;;ZJ, & Pcaﬁ distributions is not altered in either of these

scenarios, although the estimates of PC‘?Z values are decreased if we assume Pg‘f/nglZC- > 1.
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S5 Model sensitivity analysis

To quantitatively assess the relative influence of transport parameters on physiological variables of
interest, we carried out a sensitivity analysis using the data resulting from the model verification
process. The approach we take is similar to that of Taylor, Goaillard and Marder (Taylor et al., 2009)
where the authors are determining how different conductances affect electrophysiological
properties of an multi-compartmental cellular model of a neuron, and Sobie (Sobie, 2009), in the

case of analysing cardiac myocyte models.

The data remaining from the Monte Carlo filtering analysis consists of a sample of physiologically
feasible parameter sets P; = {Py"., P52, PP, pnak . Pnkce, PO} and steady state and kinetic
model outputs y = {x;, Ax;}. For a given physiological quantity of interest, predicted by the model,
we fit a multiple regression model between input parameter sets P; and their predicted value of that

quantity y:

y = by +Z(b P, + byP?) +z Z b PP, (520)

i=1j=i+1
y = {V;,"AV; + amiloride","AV, + 0[CI™];"} (S21)
P; _{ Na*’ calp’ Pet Kk+» PNak» PNKCC Pcz } (522)

Before fitting the regression model, parameter values are z-scored. That is, the mean and standard
deviation of the remaining sample of values of an individual transport parameter, say P cl— 1S
calculated. Then each value in the remaining population of P cz— is reduced by the mean, and
normalised by the standard deviation. Doing this ensures that the range of values remaining for each

parameter are on a similar scale.

Once the population of parameter sets is z-scored, the regression model was fit using Matlab
function regstats with option *quadratic’. The regression coefficients b; determine the

strength of the linear correlation between parameter P; and output y. By comparing the magnitude
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of the linear regression coefficients we have a way of objectively determining the relative influence
that transport parameters have on the physiological variable of interest. In our study we carry out
sensitivity analyses to determine the relationships between transport parameters and basal V,

AV, + amiloride, and AV, + 0[CL™];. The results of these analyses are listed in Table S9.
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S7 Tables

Quantity Symbol Units Subscript / Superscript
Time t S =

Volume w um?3 -

Water flux J pum3 /s q = {ap, ba}
Pump/co-transporter flux Jq 10 mol/cm? q = {NaK,NKCC}

lon current Ir pA/cm? n={Na*,Cl", I;E%Z;f}l;a, -
Permeability Py pm/s n={Na, Cl_’f;’g{i:;c'}l;a’ pa)
Thermodynamic activity ag mM Z Z %ZZ?%Z‘,K*',gluc}
Activity coefficient y - -

Valence Zy - n={Na*,Cl~,K*, gluc™}
Membrane potential Vi mV x = {ap, ba}
Trans-epithelial PD Ve mV =

Hydraulic conductivity Ly, pm/s -

Partial molar volume Uy m3/mol -
Impermeable anions W; mol -

Osmolarity Sl mOsm/L q=1{ls}

lonic concentration [n]; mM n={Na*,Cl",K*, gluc}
Moles of ions "i+/_ mol n={Na*,Cl",K*, gluc}
Membrane capacitance Cm uF/cm? -

Faraday constant F C/mol =

Universal gas constant R J/mol K -
Temperature T K -

Table S1: Notation used in mathematical model. Subscripts/superscript abbreviations: i — intracellular, [ —luminal, s —

serosal, ap — apical, ba — basolateral, pa - paracellular,

Parameter Value Units Source
Py 0.035 um/s (Willumsen & Boucher, 1989)
% 0.77 - (Hille, 2001)
Ly, 220 um/s (Falkenberg & Jakobsson, 2010)
Vy 1.805 x 1073 m3/mol (Warren et al., 2009)
Y; 2.375x 1071 mol =
[S1is 290 mOsm/L -
Cpy 1 uF/cm? (Hille, 2001)
F 96485 C/mol (Hille, 2001)
R 8.314 J/mol K (Hille, 2001)
T 310 K (Hille, 2001)

Table S2: Fixed parameter values used in mathematical model
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Experiment Time (t,) (a) Observed data (b) Model output

[IvaT]l(tn) [a?]l(tn) V:na\p (tn) ‘Z(tn) [Na+]i(tn) [Cl_]i(tn) Vn‘:p(tn) Vt(tn)
+amiloride 1 0 268+ 1.9 - -18.7+15 —-122+25 26.9 - -21.9 -12.5
2 1050 238+ 1.9 - —27.3+25 —-51+1.0 21.4 = -33.7 -5.2
3 0 - 570+35 —-259+25 -11.8%15 - 50.2 -21.9 -12.5
4 1050 = 522+ 4.7 —36.6 + 2.2 —5.0+ 0.6 o 49.6 -33.7 -5.2
+0[Cl7], 5 0 - 55.5+5.2 —225+14 —124+24 - 50.2 -21.9 -12.5
6 1050 = 351+45 -104+25 —-21.8+22 = 47.4 -8.9 -20.1

Table S3: (a) Experimental data used for estimation of non-CF transport parameters. Concentrations are given in mM, membrane
potentials in mV, and time in seconds. Equivalent data predicted by optimal parameter set in the case of baseline P, and non-
selective paracellular transport are shown in (b).
Sources of observed data:
+ . g . . . . .
{a’i\’“ Ve, V,,‘fp} for n=1, 2 : Data found by digitizing plots in Figure 8 of reference (Willumsen & Boucher, 1991a), using

the initial steady state and final data points from each time course plot.
{af" ,V;,VP} for n =3, 4: Table 4 in (Willumsen et al., 1989a)*

{aia_ Ve, anp} for n =5, 6: Table 3 in (Willumsen et al., 1989a)*

Experiment Time (t,) (a) Observed data (b) Model output

[NaT(t) [T VP (e Tetn)  [INa*Tiltn [Nt WP(t)  Velt)

+amiloride 1 0 - 67.7+56 —82+50  —37.4+84 - 59.1 -13.1 -29.6

2 1050 - 66.6+65 —43.6+40 -12+11 - 63.6 -48.3 -1.6

3 0 25.8 +3.9 - -71450  —423+46.0 22.7 - -13.1 -29.6

4 1050 40.6 + 3.9 - —489+25 —2.0+1.0 18.1 - -48.3 -1.6

+0[Cl7], 5 0 - 627+62 —201+92 —27.7+6.1 - 59.1 -13.1 -29.6

6 1050 - 651+64 —171+95 —31.0+55 - 59.0 -12.0 -30.3

Table S4: (a) Experimental data used for estimation of CF transport parameters. (b) Equivalent data predicted by optimal parameter
set in the case of baseline P,,, and non-selective paracellular transport.

Sources of observed data are:
{afV", VAP V,} for n =1, 2: Table 3 in (Willumsen et al., 1989b)*

{a?"ﬁ, Ve, V,,,‘:p} for n =3, 4: Data found by digitizing plots in Figure 7 of reference (Willumsen & Boucher, 1991b),

using the initial steady state and final data points from each time course plot.
{aia_, Ve, V,,,‘:p} forn =35, 6: Table 2 in (Willumsen et al., 1989b)*

* Assuming system is at steady state when measurements are made at t > 5mins.

Note since measurements of V,,‘f” and V; from two separate “+amiloride” experiments are included in the objective
function, we weight the residual error from each of these data points by %, in order to give the same weight to these
measurements as to [Cl~] and [Na*], for which only 1 set of measurements is available.
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Parameter (a) Baseline P, , no selectivity (b) P, different in CF, no selectivity

Non-CF CF Non-CF CF
Estimate Range Estimate Range Estimate Range Estimate Range
P:,I;+ 0.0244 0.0003 0.0650 0.0017 0.0230 0.0002 0.0419 0.0009
PZ’;_ 0.0659 | 0.0033 | 0.0057 | 0.0007 | 0.0619 | 0.0033 | 0.0035 | 0.0005
Pf(‘i 0.1026 | 0.1028 | 0.4000 | 0.0653 | 0.0960 | 0.1118 | 0.3429 | 0.0612
PNaK 0.1271 | 0.0678 | 0.4894 | 0.0530 | 0.1191 | 0.0733 | 0.3653 | 0.0453
PNKCC 0.1875 | 0.5146 | 2.0000 | 0.4892 | 0.1744 | 0.5122 | 2.0000 | 0.5372
P’L’-;‘— 0.0971 0.1760 0.1442 0.0252 0.0904 0.1937 0.1268 0.0242
P;‘,’,‘{J' 0.0350 - 0.0350 - 0.0329 - 0.0218 -
PNaT/PSL | 10 - 1.0 - 1.0 - 1.0 -
PSL /P9 | 10 - 1.0 - 1.0 - 1.0 -

Table S5: Results of parameter estimation via minimisation of residual error between model predictions and experimental data given
in tables S3 and S4. (a) Estimates of transport parameters found when P, is assumed to be fixed at baseline estimate in both CF and
non-CF simulations, and P, is assumed to be the same for all ions. (b) Parameter estimates when paracellular permeability is
assumed to be decreased in CF (Willumsen & Boucher, 1989) with no selectivity in this pathway.

Parameter (a) Baseline P, , cation selective (b) Different P, and cation selective
 NenCF  CF  NonCF CF
Estimate Range Estimate Range Estimate Range Estimate Range
P;’;J, 0.0205 0.0006 | 0.0563 0.0020 0.0214 | 0.0006 | 0.0398 0.0009
P‘g’_ 0.0466 0.0019 0.0048 | 0.0007 0.0489 0.0015 0.0033 0.0005
Pf(‘i 0.0789 0.0621 0.3971 0.0836 0.0823 0.0675 0.3336 | 0.0624
PNak 0.0983 0.0349 0.4629 0.0713 0.1030 | 0.0347 0.3520 | 0.0477
PNKCC 0.1477 0.3729 1.9999 0.6230 0.1529 0.4117 2.0000 | 0.4994
P’E;’— 0.0604 | 0.0950 | 0.1447 | 0.0329 0.0626 0.1026 0.1236 0.0253
Pﬁ,‘f 0.0350 = 0.0350 - 0.0367 - 0.0243 -
pNa* /pSl 13 - 1.3 - 1.3 - 1.3 -
PSL /P9 | 14 - 1.4 - 1.4 - 1.4 -

Table S6: (a) Estimates of transport parameter values founds when assuming baseline P,, with cation selectivity in the pathway, and
an increase in the CI' / gluconate” selectivity ratio. (b) Estimates of transport parameters assuming selective paracellular permeability,
and a decreased P, in CF.
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Parameter Percentile
1st 25" Median 75 99th
PP, 0.0131 0.0184 0.0224 0.0268 0.0358
| 0.0458 0.0633 0.0735 0.0846 0.1096
P 0.0718 0.1866 0.2506 0.3165 0.3950
PNax 0.0460 0.1723 0.3207 0.5018 0.8706
PNKCC 0.0825 0.5081 0.9189 1.4250 1.9709
P 0.0814 0.2583 0.3503 0.4267 0.4965

Table S7: Percentile value data for transport parameters, from distributions remaining after non-CF constraints were applied to model

outputs (baseline, non-selective P, ).

Parameter Percentile
1st 25" Median 75% 99th
Py, 0.0753 0.1030 0.1180 0.1292 0.1395
Pgr- 0.0004 0.0090 0.0184 0.0302 0.0707
pha 0.2294 0.3134 0.3504 0.3779 0.3995
PNax 0.0800 0.2232 0.3793 0.5674 0.9625
PNKCC 0.0510 0.2718 0.6578 1.2262 1.9650
P 0.0419 0.1648 0.2617 0.3603 0.4912

Table S8: Percentile value data for transport parameters, from distributions remaining after CF constraints were applied to model
outputs (baseline, non-selective P, ).

Parameter Basal V, (mV) AV, + amiloride (mV) AV,+ 0[Cl"];(mV)
P+ -1.4849 1.4772 -0.0275
Pgl- -0.0202 -0.5660 -1.5210
pbe -1.7234 0.5365 0.6121
PNak -0.0111 -0.2837 -0.4626
(D 0.3135 -0.4531 -0.3959
L 1.1136 -0.0281 -0.4696

Table S9: Linear regression coefficients (b;) found by fitting multiple regression between z-scored transport parameters (P,) and

physiological variables (y), for use in sensitivity analysis.
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Figure S1: Model validation with constant input. The rate of change of cell volume is altered so that there is a constant forcing input
between T1 = 300s and T2 = 1200s. Other cellular quantities change accordingly, and the system reaches a new steady state
~t = 1000s, before relaxes back to the initial steady state once the constant input is switched off. Note reversal potentials are
normalised to their initial steady state value (Na™: +44.0 mV, Cl™:-23.3 mV, K*: -85.5 mV)
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Figure S2: Model validation with sinusoidal input. The ODE for rate of change of Na* moles in the cell is perturbed with a sinusoidally
varying input term between T1 = 300s and T2 = 1200s. All other cellular variables are affected to some extent by this forcing of
Na:r and vary with the same periodicity as the input, before returning to the same steady state as they were initially in, after the
forcing term is switched off. Note reversal potentials are normalised as in figure S1.
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Figure S3: Comparison of model output against observed data for Vf,f (model in red, data points squares) , V; (model blue, data points
circles), [Na*]; (model purple, data points square) and [Cl™]; (model yellow, data points circles), for two simulations, amiloride
addition and removal of luminal CI'. Parameters used for simulations are those which minimised residual error between data from CF
cells and model predictions for the combination of these two experiments (see Table S5(a)).
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Figure S4: Distributions of parameter values remaining after placing non-CF constraints on our Monte Carlo sample of model
simulations. P%’ﬁ and P‘g’, are constrained, PZ‘i & pyak are correlated, and pygcc & Plgff are not constrained.
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Figure S5: Distributions of parameter values remaining after placing CF constraints on our Monte Carlo sample of model simulations.
Distributions found here are significantly different from those found in the non-CF population for some parameters, such as P,‘:f;+ and

P

ci-- Others such as pygcc remain un-constrained.
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Figure S6: Effect of decreased paracellular permeability P, in CF on feasible distributions of transport parameter values found via MC

filtering analysis. Distributions shown are for (a) P;’;+ , (b) ng_ , (c) P,b}‘i , (d) pyak s (€) pnkcc and (f) P’é‘,‘- (cyan: non-CF, red: CF).
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Figure S7: Effect of selective P, on feasible distributions of transport parameters found via MC filtering analysis. Paracellular
pathway is more permeable to cations over anions, and to Cl over gluconate. Distributions shown are as in figure S6; (a) P;’Z+ , (b)
sz_ , (c) P,b}‘i , (d) pyak s (€) Pykcc and (f) P’éff (cyan: non-CF, red: CF).
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Figure S8: Effect of reduced P, in CF, combined with selective paracellular transport, on feasible non-CF (cyan) and CF (red)
parameter distributions found via MC filtering analysis. Distributions shown are for (a) P{? . , (b) P¢Y-, (c) PE% , (d) pwax » (€) Prkce
and (f) P2&.
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Figure S9: AV, + 0[Cl™]; is commonly used as a proxy measure for ng_ in airway epithelial cells. Here it is plotted against AV,
inducing by blocking CFTR (i.e. ng_ — 0), for the distribution of non-CF values found. For a given low CI response, hyperpolarisation
or depolarisation of basal V, is possible, but there appears to be a limit on the hyperpolarisation possible (suggested by dashed line),
which is significantly less than the magnitude observed in CF.
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