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Abstract. The problem of model parametrization is a core issue for all
varieties of mathematical modelling in biology. This problem becomes
more tractable when qualitative modelling is used, since the range of
parameter values is finite and consequently it is possible to enumerate
and evaluate all possible parametrizations of a model. If such an approach
is undertaken, one usually obtains a vast set of parametrizations that are
scored for various properties, e.g. fitness. The usual next step is to take
the best scoring parametrization. However, as noted in recent works [1,4],
there is knowledge to be gained from examining sets of parametrizations
based on their scoring. In this article we extend this line of thought
and introduce a comprehensive workflow for comparing such sets and
obtaining knowledge from the comparison.
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1 Introduction

One of the key tasks in the field of systems biology is reverse engineering of reg-
ulatory and signalling networks [6]. A researcher is usually presented with sets of
experimental data and observations and tries to design a model of the mechanics
of the system. As the model can be constructed using various modelling frame-
works, there is a zoo of methods for tasks like network inference, parameter
identification etc., each having its particular set of pros and cons. In our work
we are employing the so-called Thomas Networks [17] framework, whose main
purpose is to provide insights into qualitative, high-level behaviour. A particu-
lar feature of this framework is that the values governing the behaviour of the
model—its parameters—have a finite domain and thus it is possible to enumer-
ate and evaluate all the options. At this point, two additional problems arise.
Firstly, when evaluating a parametrization (a particular set of parameter values)
of the network, one is usually focusing again only on some abstract, qualitative
feature, e.g. whether the system is stable or not. While this is useful information,
its binary nature means that the set of all possible parametrizations is simply
split in two, one part having the feature, the other not. This poses a problem if
one is aiming to pick an optimal parametrization, as all the members in each of
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the two sets are between themselves indistinguishable. Secondly, considering all
the options leads to a rapid combinatorial explosion and while quite huge sets
can still be easily manipulated and stored by the computer, it becomes swiftly
infeasible for the researcher to keep a mental insight into the structure of the
parametrization pool.

e
1. ENUMERATE |—>| 2. LABEL |—>| 3. SELECT |—>| 4. ANALYZE |—>| 5. COMPARE

Fig. 1. Our workflow starts with the enumeration (1) of all possible parametrizations
that fit the expectations of the modeller about the structure. Each of the parametriza-
tions is evaluated for certain properties (2) like dynamical behaviour, and the result of
the evaluation is stored with the parametrization as its label. After parametrizations
are labelled the user can select (3) a subset of these that seem of special interest. This
selection can then be analysed using various tools (4) and compared to other selections
(5). The selection or analysis can then be refined based on the newly gained knowledge.

Similarly to recent works of other authors in the field [1,4] we propose to
shift the focus from individual parametrizations to sets thereof. Following on our
previous work [5,16], we introduce a unified workflow for parameter identifica-
tion, illustrated in Fig. 1. This workflow combines formal and statistical methods
with the aim of maximizing the amount of qualitative knowledge obtained from
data. All the methods presented in the article have been implemented in the tool
TREMPPI, whose preliminary version is available at [13]. All of the methods are
illustrated on a toy running example and later the functionality of our workflow
is demonstrated on a case study of Hepatocyte Growth Factor (HGF) signalling,
based on data of [2].

2 Background

In this section we define the notions necessary for our workflow. Most of the
terms are illustrated in Fig. 2 on a toy example.

The topology of a biological system is encoded as a directed regulatory graph
(RG) G = (V,p, E) where V is a set of named components, p : V. — N is the
mazimum activity label s.t. each component can adapt an integer from [0, p(v)],
denoting its current activity level, and E C V x N x V is a set of requlations s.t.
for each (u,t,v) € E it holds that t < p(u). For (u,t,v) € E the value ¢t denotes
a threshold i.e. the lowest activity level of u at which the regulation can affect
v. Additionally, we introduce a threshold function § : V x V — 2N s.t. §(u,v) =
{t | (u,t,v) € E} and its extended version O s.t. O(u,v) = §(u,v) U{0, p(u) + 1}
for any pair u,v € V. Moreover, if (u,t,v) € FE then t_,t; € O(u,v) denote the
closest lower and higher element of ¢, i.e. have 7€ the ordinal successor function
in ©, then 1€ (t_) =t and 1© (t) = t,. A regulation becomes effective when the
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Fig. 2. A simple Thomas Network. a) The regulatory graph, b) its components, and
c) regulators. d) One of the 324 possible parametrizations of the network. e) The
asynchronous dynamics encoded by the parametrization. f) An example property. Note
that the property is satisfied by K, i.e. ((1,0),(1,1),(1,2),(0,2)) = M¥.

activity of the respective regulator reaches the threshold value. Consequently,
the thresholds divide the range of activity levels of a component into so-called
activity intervals I* = {[t,1€ (¢)) | t € O(u,v) U {0}}. Note that if §(u,v) =
0 then I = [0,p(u) + 1). For each component we can then create a set of
configurations of components of the system, called regulatory contexts, where
the behaviour of a component v € V can qualitatively differ from the other
contexts, denoted and defined 2, = ],y I,/. Note that w € {2, is a vector of
length |V| and consequently we use the notation w, for its u-th element. The
qualitative behaviour of a component is then fully described through a partial
parametrization K, : {2, — [0, p(v)], as explained in the following paragraph.
Note that for each v € V the set (2, is sufficient to obtain the set of regulators of
v. The parametrization K = (K,)ycy therefore fully suffices to derive both the
behaviour and the topology of a network. We will further use K as an identifier
of a single model and K to denote the set of all possible parametrizations of a
regulatory graph G. If G can be arbitrary (but fixed) we use simply K.

The asynchronous behaviour of a parametrized regulatory graph G =
(V, p, E) is then captured in a so-called transition system (TS), which is a pair
(8K, =) where SK =[], oy p(v) is a set of states and —*C SK x S¥ is a
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transition relation obtained from a parametrization K € K¢ s.t. s —»% & if and
only if one of the following two, mutually exclusive conditions holds:
Vo eV isl =5, AK,(s) = sy,
Ju e V,Yv € V\ {u} : s), = sy A sy # 8, = Ku(s).

To examine a behaviour of a TS we use the model checking procedure, for
details please refer to [14]. This method allows to query whether the system
satisfies a certain formally described property. In case of our system we verify
whether a path of a certain kind exists in a TS, more specifically, whether a
path that matches a sequence of measurements exists. Formally a sequence of

measurements is described via a vector M¥ = (My,..., M,,) for some m € N
where for any i € [1,m] it holds that M; C SX. Understandably, a state s € S&
matches a measurement M; iff also s € M;. Then a path w = (s1,...,8,) €
(—F)n=1 satisfies M X iff there is a vector I = (iy,...,%,,) of indices such that

for any k € [1,m] it holds that s;, € M} (measurements are matched) and
for each pair k,I € [1,m] we have that if k < [ then also iy < 4; (ordering
is preserved). The path w is then called the witness of satisfaction of M¥ by
(K, ) written w = ME.

3 Labels

Having a model, one is usually interested in what its properties are, e.g. which
of the regulations are effective, how it behaves dynamically etc. We call func-
tions that provide such information labels. We recall some previously introduced
labels [5,16] one can assign to a parametrization, now updated to fit the work-
flow, and some new ones. As the domain of a label usually depends on the
respective regulatory graph, we use the symbol [ for a label in general, and I¥
to denote that the label depends on the graph encoded by K and is evaluated
under K.
All the labels are illustrated in Fig. 3 on the toy example in Fig. 2.

3.1 Sign

This label is based on the usual interpretation of an effect of a regulation:

(u,t,v) € E is activating <= Fw € 2y 1 Ky(wufi,e,)) > Ko(Wuep_ 1)),

-

(u,t,v) € E is inhibiting <= Fw € 2 1 Ky(wufrr,)) < Ko(Waep_ 1)),

where w,[;_ ) denotes that the regulatory interval w, is substituted by [t_,1).
From this definition we derive the SIGN label Sign® : EX — {0, +, —, 1} where:

0 iff e is not activating and not inhibiting,

K + iff e is activating and not inhibiting,

Sign” (e) = e o o
— iff e is not activating and inhibiting,

1 iff e is activating and inhibiting.
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Structural Labels
Sign®(A,1, B) +
Sign®™ (B, 1, A) -

Sign™ (B, 2, B) - b)
Indegree™ (A)

Regulatory Functions
F¥ 1&B{0}
FF N&A{1}&B{2} +2&A{1}&B{0,1}

1

a) Indegree™ (B) 2
Indegree™ (SUM)| 3
1

. Property Labels
Bias™ (A
) K( ) C) Cost™ (M™) 4
Bias™ (B) 2 P
X Robustness™ (M*)]0.25

Impact™ (A, 1, B) | 0.905
Impact™(B,1,A)| -1
Impact™ (B, 2, B) |—0.302

Fig. 3. lllustrative labels for the toy example from Fig. 2. a) All the possible structural
labels. For clarity we use the symbol SUM to denote the sum of the INDEGREE values.
b) The REGULATORY FUNCTION labels corresponding to the given parametrization. c)
The dynamic labels for the measurement series M¥ from Fig. 2f.

Note that the 0 value means that the regulation has no effect on its target
and could be removed without affecting the dynamics, which is utilized in the
following label INDEGREE. The value 1 describes the situation where a regulation
has ambiguous semantics, not meeting the so-called Snoussi condition [10], which
is usually contrary to the expectation of the modeller about the system.

3.2 Indegree

This self-explanatory label counts the number of effective incoming regulations.
Formally we denote Indegree : VX — N the number of non-zero incoming
regulations, defined as:

Indegree™ (v) = |{(u,t,v) € E | u € V, Sign(u,t,v) # 0}].

Additionally, the function is extended to capture the sum of the INDEGREE values
of all the components, such that Indegree® (V) = 3 i« Indegree® (v). The
sum of INDEGREE values is of a special interest, as quite often one is interested
in structures that are minimal w.r.t. number of regulations.

3.3 Cost

The cosT [14] of a measurement series is equal to the number of states of its
shortest witness. The value is of interest under the assumption that a shorter
witness in general means a lower number of qualitative changes and in turn a
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slower energy consumption by the system. Even in the cases where the energy
assumption is not realistic (e.g. due to different time scales) the cOST value
still reflects on how functionally complex the system is. Thus, one is usually
interested in minimizing it.

Denote MX the set of possible measurement series for S, then the label
has the form CostX : M¥X — Ny s.t. if there is no witness for M* then
Cost®(MX) = 0, otherwise Cost®(ME) = min{m | Jw € (=-¥)"1:w
ME}.

3.4 Robustness

The ROBUSTNESS [14] label Robustness™ : PK — [0,1] is closely related to
the costT label. In general terms it denotes the probability that M such that
Cost™ (M) = m will be satisfied by a random walk of length m that starts from
M. Formally:

{we (=)™t wi € My, w = MY
{w e (=5)m=1 [wy € My}

where w; denotes the first state on the path w. Understandably, if a measurement
is not satisfiable, then there are no witnesses and the dividend and therefore also
the ROBUSTNESS is equal to 0.

This particular notion of ROBUSTNESS reflects on the ability of the model to
keep the requested behaviour even though uncertainty is introduced to the model
through the modelling framework. The non-determinism of the simulation arises
in states where the qualitative behaviour in reality depends on quantitative
nuances indistinguishable by our abstraction. The higher the ROBUSTNESS of
the model w.r.t. a measurement series, the less sensitive the model is to these
quantitative nuances, respectively to perturbation in these.

Robustness™ (M) =

3.5 Impact

The IMPACT label represents the relation between a regulator and its target via
the function Impact®™ : EX — [~1,1]. We have introduced this value in [16]
and here we present a definition that uses regulatory contexts as its domain.
For a regulation (u,t,v) € E we obtain the IMPACT of u on v by computing the
correlation of the activity level of the regulator and the respective parameter
value. As we are interested only in parameters that are directly affected by
this regulation, we take a subset of regulatory contexts on the border of the
threshold value ¢. These we list as an arbitrarily ordered vector 2! = (w € §2, |
wy € {[t=,1),[t,t+)}). To indicate presence or absence of the said regulation, we
use the function Pres, : £2,, — [0, p(u)] that projects the activity interval of u
on its lower boundary, i.e. if w, = [t_,t) then Pres,(w) = t_. The IMPACT of
(u,t,v) is then equal to the Pearson correlation coefficient between the image of
0! under Pres, and K,:

cov(Pres,(w)weat, Kuv(W)went)
std(Presy(w)went) - std(Ky(W)weor) ’

Impact® (u,t,v) =
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where cov is the covariance and std is the standard deviation. This value is quite
helpful when one is searching for the key regulators of a certain component. The
further the value is from 0, the more prominent the regulation is.

3.6 Bias

By the term BIAS we here mean the general tendency of a parametrization to
push a component towards higher or lower activity levels. The BIAS label BiasX :
V' — [0,1] is obtained simply as Bias™ (v) = 3 o Ko(w)- 2]~ p(v)~". For
a Boolean component this coincides with the notion as defined by other authors,
e.g. [9].

As a component has in general more effect on the other components at higher
activity levels, the BIAS label allows to distinguish the components whose pres-
ence seems to be crucial for the activity of the network.

3.7 Regulatory Function

While not being a label per se we also assign a logical REGULATORY FUNCTION,
providing a more human-readable description of a parametrization. In particular,
we describe each partial parametrization as a Post Algebra [7] expression in a
disjunctive normal form (DNF) of cardinality max{p(v) | v € VE}.

A Post Algebra expression P in DNF of cardinality n is in our case described
using the grammar:

P — MM | M
M— V&A |V
V0| |n
A — A&A | v{L}
L-LL|V

wherev € V|, &,{, },0,...,n are terminals, and P, M, V, A, L are non-terminals.
The semantics are such that an atom, i.e. an expression of the form v{L}, evalu-
ates to n if the variable v is at a level listed in L and to 0 otherwise. The binary
operator & evaluates to the smaller of its operands and the binary operator |
evaluates to the bigger of its operands. E.g. consider the function in Fig. 3b and
an interpretation A =1, B = 1. Then we can do the following valuation:

1&A{1}|2&B{0, 2} — 1&2[2&B{0,2} — 1&2|2&0 — 1]2&0 — 1[0 — 1.

Note that in the Boolean case the operator & corresponds to the logical
conjunction, | to the disjunction, v{1} to the simple v, and v{0} to —w.

We obtain the REGULATORY FUNCTION label by enumerating all the prime
implicants and joining them via a disjunction.
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4 Parametrization Sets Analysis and Comparison

While the individual parametrizations can be at least partially ordered by the
values of their labels, it is only seldom that a single parametrization would appear
as an optimal one. Moreover, even if one aims to find a parametrization that
scores the best in all the metrics, i.e. minimum COST, maximum ROBUSTNESS,
minimum INDEGREE etc., usually there are multiple parametrizations with the
best score or those that are pairwise incomparable. We therefore focus on so-
called selections, i.e. sets of parametrizations that fit certain criteria on the labels
and analyse the whole selection.

all parametrizations

- Cost(p) = 4, Robustness(p) = 1, Sign(B,2,B) = 0
Label # Elements Label # Elements Label # Elements
Cost(M) 2 0:66.67, 4:33.33, Cost(M) 2 0:66.67, 4:-66.67, Cost(M) 1 4:100,
Fa 4 0:25,1:25, B{0}:25, B{12}:25, Fa 4 0:-35,1:25, B{0}:-15, B{12}:25, |Fa 2 0:60, B{0}:40,
Fg 81 0:1.23, 1:1.23, 18JA:1.23, 181A&B{{Fs 81 0:1.23, 1:1.23, 181A:1.23, 184A&B{|Fs 3 18A|28&1A:40, 2:40, 281A:20,
Indigree(A) 2 0:50,1:50, Indigree(A) 2 0:-10,1:10, Indigree(A) 2 0:60, 1:40,
Indigree(8) 3 0:3.7,1:14.81, 2:81.48, Indigree(B) 3 0:-36.3, 1:-45.19, 2:81.48, Indigree(8) 2 0:40, 1:60,
Indigree(SUM) 4 0:1.85,1:9.26, 2:48.15, 3:40.74, Indigree(SUM) 4 0:-18.15, 1:-50.74, 2:28.15, 3:40.74 § Indigree(SUM) 3 0:20, 1:60, 2:20,
Ka(B{0}) 2 0:50,1:50, Ka(B{0}) 2 0:-10, 1:10, Ka(B{0}) 2 0:60, 1:40,
a Ka(B{1}) 2 0:50,1:50, Ka(B{1}) 2 0:-50, 1:50, Ka(B{1}) 1 0:100,
Kg(A{0},B{0,1}) 3 0:33.33, 1:33.33, 2:33.33, Kg(A{0},B{0,1}) 3 0:33.33, 1:33.33, 2:-66.67, Kg(A{0},8{0,1}) 1 2:100,
Ka(A{0},B{2}) 3 0:33.33,1:33.33, 2:33.33, Kg(A{0},B{2}) 3 0:33.33, 1:33.33, 2:-66.67, Ka(A{0},8{2}) 1 2:100,
Ke(A{1,2},B{0,1}) 3 0:33.33, 1:33.33, 2:33.33, Ke(A{1,2},8{0,1}) 3 0:13.33, 1:-6.67, 2:-6.67, Kg(A{1,2},B{0,1}) 3 0:20, 1:40, 2:40,
Kg(A{1,2},B{2}) 3 0:33.33, 1:33.33, 2:33.33, Kg(A{1,2},B{2}) 3 0:13.33, 1:-6.67, 2:-6.67, Ke(A{1,2},B{2}) 3
Sign(A,1,8) 4 +:33.33,-:33.33, 0:11.11, 1:22.22, |Sign(A,1,8) 4 +:33.33,-:-26.67, 0:-28.89, 1:22.22 | Sign(A,1,8) 2
Sign(8,1,A) 3 +:25,-125, 0:50, Sign(8,1,A) 3 +:25,-:-15, 0:-10, Sign(B,1,A) 2
Sign(B,2,8) 4 +:33.33,-:33.33, 0:11.11, 1:22.22, |Sign(B,2,8) 4 +:33.33, -:33.33, 0:-88.89, 1:22.22, | Sign(B,2,8) 1
Label Count Min Max Mean Label Count Min Max Mean Label Max Mean
Ka(8{03}) 162 0 1 0.5 Ka(B{03}) 160 o o 0.099... JKa(B{0}) 2 o 1 0.4
Ka(B{1}) 162 0 1 0.5 Ka(B{1}) 162 0 1 0.5 Ka(B{1}) 0 0 0 0
Ka(A{0},8{0,1}) 216 0 2 1 Kg(A{0},8{0,1}) 211 2 0 -1 Kg(A{0},8{0,1}) s 2 2 2
Kg(A{0},B{2}) 216 0 2 1 Ke(A{0},B{2}) 211 2 0 -1 Kg(A{0},B{2}) 5 2 2 2
Ke(A{1,2},B{0,1}) 216 0 2 1 Ke(A{1,2},8{0,1}) 212 0 0 -0.19... |Ke(A{1,2},8{0,1}) 4 0 2 1.2
Ka(A{1,2},B(2}) 216 0 2 1 Ke(A{1,2},B{2}) 212 0 0 -0.19... [Ka(A{1,2},B{2}) 4 0 2 1.2
Indigree(A) 162 0 1 0.5 Indigree(A) 160 0 0 0.099... findigree(A) 2 0 1 0.4
Indigree(B) 312 0 2 1.777... |indigree(8) 300 0 1 1.177... |indigree(8) 3 0 1 0.6
Indigree(SUM) 318 0 3 2.277... |Indigree(SUM) 314 0 1 1.277... |Indigree(SUM) a 0 2 1
Bias(A) 2243 o0 1 0.5 Bias(A) 241 0 05 03 Bias(A) 2 0 05 0.2
b Bias(B) 320 0 1 0.5 Bias(B) 315 05 0 0.30... |Bias(8) s 0.5 1 08
Impact(B,1,A) 162 1 1 o Impact(B,1,A) 160 o 1 0.4 Impact(B,1,A) 2 =1 o -0.4
Impact(A,1,8) 248 1 1 4.386... [Impact(4,1,8) 225 0 1 0.6 Impact(A,1,8) 3 -1 0 0.6
Impact(8,2,8) 248 1 1 1.370... [impact(8,2,8) 248 1 1 1.370... [Impact(8,2,8) 0 0 0 0
Cost(M) 108 0 4 1.333... JCost(M) 103 4 0 -2.66... JCost(M) 5 4 4 4
Robustness(M) 108 0 1 0.1875 |Robustness(M) 103 1 o -0.8125 |Robustness(M) s 1 1 1

Fig. 4. Reports produced by TREMPPI for the graph in Fig.2. For the interactive
version please see [12]. Left: Reports for K¢. Right: Reports for KXY with ¥ =
Cost(p) = 4 A Robustness(p) = 1 A Sign(B,2,B) = 0. Middle: A comparison left -
right. a) A QUALITATIVE report. The label Fg is not fully listed. b) A QUANTITATIVE
report. ¢) A REGULATION graph. d) A CORRELATION graph.
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Have a parametrization space KC and a sequence of predicates ® = @4,...,P,
where @; : K — B for each ¢ € [1,n]. A selection by & we call the set of
parametrizations denoted K? s.t. for each K € K we have that K € K% if
and only if A, @;(K) holds true. As the selections may contain millions or
more parametrizations in size, approaches that allow to evaluate the whole
selection at once are necessary to gain understanding of the nature of the
selection. We present four different methods, each used to depict some of the
labels in a manner that generalizes the values of the labels from members of
the selection to the whole selection. A visual representation of such data is
then called a report. Additionally, each of the reports features an individual
method of comparison—having two different selections K?, K¥ we create a
third report which illustrates the difference between the two selections. This
we denote using the minus (—) symbol, illustrating the fact that it is a non-
commutative difference operation. All the reports are illustrated in Fig.4 on
the example network from Fig.2. Each report provides a comparison between
the set of all 324 parametrizations, i.e. a selection by @ = true and a selection
where the M¥ from Fig.3 has minimal coST and maximal ROBUSTNESS and
where the self-regulation of the component B is not present, i.e. a selection by
¥ = (Cost(series) = 4 A Robustenss(series) =1 A Sign(B,2, B) = 0).

4.1 Explicit Qualitative Report

The first tool we employ is a QUALITATIVE summary, which describes an image
of a label in the selection, i.e. all the distinct label values that appear in the
selection and their frequency in percent. Have a label | : X — Y, where XY
are some sets and a selection K?. For example in the case | = Sign®™, we have
X =FandY ={0,+,—,1}. For each value x € X we then set:

qual(K®,1,z) = (size(K?,1,z), elems(K?,1, z)),
size(K®,1,z) = |elems(K?,1, z)|,
elems(K?,1,x) = {(y,q) | ¢ = {K € K? | 1" () = y}| - 100 - [KL?|~"}.
A comparison of two selections K, K¥, denoted qual(K?,1,z) — qual(KY,1,z),

is obtained by subtracting the two pairs, where elems(K?, 1, x) —elems(K¥,1, x)
is computed as:

{(y,q" — ") | (y,4%) € elems(K?,1,2),(y,q") € elems(K”,1,2)}.

Since the set of parametrizations is finite, all values have finite domain and are
thus suitable to this form of presentation. However, in the case of labels that
project to rational numbers, i.e. ROBUSTNESS, BIAS, and IMPACT values, the size
of the image quite often threatens to be almost as big as the selection itself,
therefore we chose not to include them in the QUALITATIVE report.
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4.2 Explicit Quantitative Report

Similarly to the previous, we summarize the overall nature of quantitative labels,
i.e. those whose image is a subset of rational numbers, using the quadruple:

quan(K?,1,2) = (count(K?,1, ), min(K?, 1, 2), max(K? 1, z), mean(K?,1, ),
count(qu5 lz)=|{K € K* | I¥(z) # 0},

min(K?,1,2) = min{l¥(z) | K € K?},

max(K*,1,z) = maz{l®(z) | K € K?},
mean(K®,1,z) = Z 15 (z) - |KP|7L.

KeKe®

The difference between the QUANTITATIVE reports of two selections KZ, ¥
is then set simply as the subtraction of the two quadruples.

Note that the count has a somewhat special meaning, as the 0 value is of
particular interest for some of the labels. In the case of COST for example, it
denotes that the respective measurement series is not satisfiable or for SIGN it
states that the edge is absent.

4.3 Inferred Regulation Graph

Based on IMPACT and SIGN, we can summarize the average effect of regulations
of a sample. The IMPACT can be easily extended from a parametrization to a
sample as Impact’cé(e) =Y xexs Impact™(e) - [K?|! for each e € E. For the
SIGN we take a supremum under the partial ordering 0 < — < 1,0 < + < 1,
i.e. for any e € E we set Sign®” (e) = sup{Sign¥(e) | K € K?}. Lastly we
depict the FREQUENCY of a regulation, which states how often a regulation is
active at all, i.e. has a non-zero SIGN, formally Frequency®” (e) = {K € K? |
Sign® (c) # 0}

Visually, the IMPACT value is mapped to a color gradient of the regulation
edge with the color red representing the value —1, yellow representing 0, and
green representing 1. The FREQUENCY is mapped to the width of an edge. When
the FREQUENCY is equal to 0, the edge is then displayed as dotted. Lastly, the
SIGN is reflected in the shape of the head of the edge. The + SIGN is mapped to
a pointed arrow shape, the — to a rectangle shape (also known as blunt arrow),
the 1 to a combination of both and the 0 to a circle.

To create a comparison, the IMPACT and FREQUENCY values are directly
subtracted. The SIGN can not be clearly interpreted in the comparison and for
simplicity it is kept from the minuend. Note that the subtraction means that
the result lies behind the original boundaries of a value. The color gradient
is therefore stretched to the range [—2,2] and a negative FREQUENCY value is
depicted by a dashed edge.
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4.4 Correlation Graph

Similarly to the REGULATION graph we also create a correlation graph, based
on the BIAS label. The label extended similarly to the IMPACT label, i.e.
Biask” (v) = > kexs Bias®(v) - [K?|7! for v € V. Additionally, one is usually
interested in whether there is a relation between activities of multiple compo-
nents, e.g. if one component seems to be taking over if another is missing. This
is obtained as the correlation between the BIAS of individual components in a
sample, i.e.:

cov(Bias® (v) s, Bias™ (u) gexes)
std(Bias® (v) gexe) - std(Bias® (u) gexe)

Correlation®” (v,u) =

The CORRELATION value is mapped to a color gradient in the same manner as
the IMPACT value in the REGULATIONS graph. The BIAS value is mapped to the
width of the border of the respective component in a manner similar to the edge
width in the case of the FREQUENCY value.

To create a comparison both values are simply subtracted.

5 Case Study

To provide a practical demonstration of our methodology, we have utilized the
data provided by D’Allesandro et al. in their study of hepatocyte growth factor
(HGF) signalling [2].

In the original article the authors constructed a core network, illustrated in
Fig. 5, with a set of regulations that are with high certainty present. Afterwards,
a qualitative method is used to find an optimal structure that combines the
core network with a subset of possible edges. To this end the authors obtained
a rich set of experimental data, which they later discretized to meet the needs
of their qualitative framework. The discretized data features measurements of
6 components in 6 different experimental set-ups. In each of the experiments
one or two of the components of the network are inhibited and later the HGF
stimuli is added. Additionally the authors provide a control measurement where
no inhibition is present.

In the study, the data are present as fold-change comparisons between some of
the experiments. For each component there are 9 time-points measured, however
in the discretized form these are divided at the time of 30 min into an early and
late response, as it is expected that around that time feedback effects start to play
arole in the behaviour of the system. As the fold-change scheme is not suitable for
encoding as a time-series, we reinterpreted the data into a measurement scheme,
where the fold change translates to a difference between two measurements. This
means that from two fold-changes we obtain three measurements. The particular
values for the measurements were determined in the following manner:

— In the experiment a Met inhibitor was used that blocks the receptor of
the pathway and thereby downregulates all signalling processes even under
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Fig. 5. The structure of the model that was identified as optimal in [2]. The regulations
denoted by a full line constitute the core network, whereas those that are dashed
are added from the pool of optional regulations. In the enumeration step we place
requirements on the edges corresponding to the SIGN label, in particular the full edges
with a pointed arrow are required to have the + SIGN, the dashed edges with a pointed
to have either + or 0, and the dashed edges with a blunt arrow to have either — or 0.

stimulation. The fold-change comparison to the control shows a significant
downregulation in all read-outs therefore we conclude that the control state
has active read-outs.

— For other set-ups, if there is a significant decrease [2] in the fold change, the
component is expected to be at the level 0 after the change.

— Likewise, if there is a significant increase, the component is expected to be at
the level 1.

— If there is no significant change, no requirement is placed on the value.

— We require the full monotonicity in the behaviour, i.e. if a value of a component
does not change between two timepoints, we require that it cannot change
in the simulation either. If the value differs between two measurements, we
require that there is exactly one change of that value. For details please refer
to [15].

Altogether we have obtained 5 properties, which are detailed in the supple-
ment [11]. Even though this interpretation of the data is quite strict, we obtained
that even the core network is capable of satisfying all the experiments for each of
the possible parametrizations. We have therefore focused instead on the struc-
ture identified as optimal by the authors to see whether addition of some of the
optional edges can disrupt the expected function of the network. This optimal
network is depicted in Fig. 5. This is a slightly simplified version of the original,
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which features two components for RSK in an activation cascade. We joined this
cascade into a single node, which is a preserving operation [8].
For the purposes of the analysis we have created three selections:

1. ALL is the set of all 223776 possible parametrizations.

2. VALID is the set of 149184 parametrizations that satisfy all the measurement
series.

3. MINCOST is the set of 135072 parametrizations that have the minimal
cosT for all the measurement series.

As can be immediately seen, there exist parametrizations over the optional edges
that render one or more of the measurement series not satisfiable.

Data of all the reports are in an interactive form available in the supple-
ment [11]. Here we provide some of the possible observations about the data.
Firstly we analyse the comparison VALID — ALL. In the QUANTITATIVE report
we see that Kyvex(PDK1 = 0,Raf = 1) is for the VALID set bound to the
value 1, meaning it is necessary that Rafl alone can activate MEK. We also see
that three out of the five measurement series are satisfied by all parametrizations,
whereas the remaining two are satisfied exactly by those in the V ALI D selection,
meaning that both place the same requirement on the behaviour of the network.
In the QUALITATIVE report we can see that the function MEK = Rafl&PDK1
is completely missing, in accordance with the quantitative observation, and the
functions MEK = Rafl and M EK = Rafl|PDK1 are now present with the same
FREQUENCY, suggesting that the (PDK1, 1, MEK) regulation is superfluous and
should probably be removed. In the REGULATIONS graph we then see that both
the FREQUENCY and the IMPACT of PDK1 on MEK decreases and lastly in the
CORRELATIONS report we see an increase in the BIAS of MEK.

Secondly we analyse the comparison MINCOST—V ALID. From the QUAN-
TITATIVE report we see that there is a slight increase in BIAS of Rafl. In the
QUALITATIVE report we can see that 14 regulatory functions for Rafl disappear
completely, however as there are still 134 remaining, this does not provide too
much information. A much cleaner picture can be gained from the REGULATIONS
graph where we can see a decrease in the IMPACT and the FREQUENCY of ERK
on Rafl in favour of both inhibition by Akt and activation by PAK.

6 Conclusion

We have presented numerous methods for analysis and evaluation of qualitative
parametrizations sets. The methods are gathered in two groups: labels, which
evaluate individual parametrizations, and reports, which subsequently evaluate
whole parametrizations sets. All of the methods are experimentally implemented
in the tool TREMPPI [13]. The performance of the methods and the implemen-
tation is sufficient for application to realistic problems, as illustrated on a case
study of HGF signalling.

While the method was mainly developed due to the specific nature of
the problem of parameter identification in Thomas Networks, we believe that
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the general approach should be also applicable to more complicated frame-
works. The approach should be readily convertible to frameworks which are, in
certain ways, only an extension of the Thomas method, e.g. piece-wise affine
models [3]. However even for frameworks with infinite parametrization pool,
the label-report-compare approach could work if combined with an appropriate
sampling method.

As the tools we were using for the purposes of this article are becoming more
mature, we would like to make them more available for public use. To this end
a public web-service version of TREMPPI is planned.
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