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We present a method for rejecting competing models from noisy time-course data that does not rely on parameter inference.
First we characterize ordinary differential equation models in only measurable variables using differential-algebra elimination.
This procedure gives input-output equations, which serve as invariants for time series data. We develop a model comparison test
using linear algebra and statistics to reject incorrect models from their invariants. This algorithm exploits the dynamic properties
that are encoded in the structure of the model equations without recourse to parameter values, and, in this sense, the approach is
parameter-free. We demonstrate this method by discriminating between different models from mathematical biology.

1. Introduction

Given competing mathematical models to describe a process,
we wish to know whether our data are compatible with the
candidate models. Often comparing models requires opti-
mization and fitting time-course data to estimate parameter
values and then apply an information criterion to select a
“best” model [1]. However sometimes it is not feasible to
estimate the value of these unknown parameters (e.g., large
parameter space, nonlinear objective function, nonidentifia-
bility, etc.). In this paper, we compare candidate models with
time-course data while avoiding the parameter estimation
problem by considering a “parameter-free” approach.

The parameter problem has motivated the growth of
fields that embrace a parameter-free flavor such as chemical
reaction network theory and stoichiometric theory [2-4].
However many of these approaches are limited to comparing
the behavior of models at steady-state [5-7]. Inspired by tech-
niques commonly used in applied algebraic geometry [8] and
algebraic statistics [9], methods for discriminating between
possible models without estimating parameters have been
developed for steady-state data [10, 11]. These approaches
characterize a model in only observable variables—called

a steady-state invariant [5]—using techniques from com-
putational algebraic geometry and determine whether the
noisy steady-state data are compatible with this steady-state
invariant via a statistical test. However, unlike other Bayesian
and parameter estimation approaches, it does not select
models; it can only rule them out. Notably the method does
not require parameter estimation, hence there is the term
parameter-free.

Extending the method developed in [10], we present
a method for comparing models using time-course data
instead of steady-state data. In this approach we compute
input-output equations, which we refer to as input-output
invariants for time series data. We consider state-space
ordinary differential equations (ODE) models of the form
x(t) = f(x(t),u(t),p) and y(t) = g(x(¢), p) where x,(t) are

species variables, k = 1,..., N, u;(t) is a known input into
the system, i = 1,...,L, yj(t) is a known output (measure-
ment) from the system, j = 1,..., M, p is the unknown

R—-dimensional parameter vector, and the functions f, g are
rational functions of their arguments. The dynamics of the
model can be observed in terms of a time series where u(t) is
the input at discrete points and y(¢) is the output.



In this setting, we aim to characterize our ODE mod-
els by eliminating variables that we cannot measure using
differential elimination from differential algebra [12]. From
the elimination, we obtain a system of equations in 0, 1, and
higher order derivatives forming the input-output invariants:
Fi(w,4,u,...,%,%,¥,y,...) =0, j = 1,..., M. Importantly,
the coefficients of these equations are rational functions of
the parameters. We will see shortly that, in the linear case,
F iisa linear differential equation. For nonlinear models, F ;
is nonlinear. Computing input-output invariants is described
in Section 2.

In order to test model compatibility, we substitute the data
into the input-output invariant, which is given in the form of
Wu,i,u,...,y,7,¥,Y,... evaluated at given time points. This
results in a linear system of equations, Ak = b, where each
row of A and b corresponds to the input-output invariant
evaluated at a different time point. The components of «
are the coefficient functions of the parameters in the input-
output invariants. The set-up of the model compatibility test
is given in Section 3.

Then we ask: does there exist a x such that Ax = b. If
b = 0, of course we are guaranteed a zero trivial solution and
the nontrivial solution can be determined via a rank test (e.g.,
singular value decomposition, or SVD). Since data may be
imperfect, we can perform the statistical criterion developed
in [10] with the bound improved in [11] to determine whether
or not to reject the model. One of the key differences in
adapting this method to time-course data is considering
Ax = b when b # 0. For Ak = b, there may be
no solutions. Thus, we must check if the linear system of
equations Ak = b is consistent, i.e., has one or infinitely
many solutions. We present a rank test, based on the SVD, for
determining the compatibility of the data with input-output
invariants from various (potentially incorrect) models. The
linear solvability test is described in Section 4. We assume
our data have Gaussian measurement noise. In Section 5, we
derive a statistical cut-off for when the model is incompatible
with the data.

Another key difference in this approach than previous
parameter-free model discrimination methods is the occur-
rence of higher order derivatives of the input and output
variables in the input-output invariants, requiring them to
be known at various time instances. Often one does not have
data points for the higher order derivatives, then these need to
be estimated. Unlike numerical estimation or splines, which
assume a specific functional form, one can use Gaussian
Process Regression (GPR) to estimate the higher order
derivatives from time-course data. In Section 6, we present
such a method, which has previously been done for first and
second derivatives of biological data [13]. Bounding error of
derivative estimates is a difficult problem, which requires us
to remove certain data points; however, the advantage of GPR
is that one can consider a family of functions, which [13]
points out to be able to capture many more temporal trends in
the data than any one equation. This enables us to substitute
the newly estimated derivative data into the input-output
invariant and test model compatibility using the solvability
test with the statistical cut-off that we present in Sections 4
and 5.
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In Sections 4 and 7, we showcase our method with
examples from linear and nonlinear models. Finally we
discuss special cases and other related topics in Section 8,
before concluding in Section 9.

2. Differential Elimination

We now give some background on differential algebra since
a crucial step in our algorithm is to perform differential
elimination to obtain equations purely in terms of input
variables, output variables, and parameters. For this reason,
we will only give background on the ideas from differential
algebra required to understand the differential elimination
process. For a more detailed description of differential algebra
and the algorithms listed below, see [12, 14, 15]. In what
follows, we assume the reader is familiar with concepts such
as rings and ideals, which are covered in great detail in [8].

Definition 1. A ring S is said to be a differential ring if
there is a derivative defined on S and S is closed under
differentiation. A differential ideal is an ideal which is closed
under differentiation.

Let our differential ideal be equipped with a ranking, i.e.,
a total ordering, denoted <, among the variables and their

derivatives. Let zE”) and 2" be arbitrary derivatives. Then the
ranking should be such that, for arbitrary positive integer k:
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Let u; be the leader of a polynomial A, which is the
highest ranking derivative of the variables appearing in that
polynomial. A polynomial A; is said to be of lower rank than
A if the order of u; is less than the order of u; or, whenever
u; = u;, the highest algebraic degree of any term containing
the leader of A, is less than the highest algebraic degree of
any term containing the leader of A ;. A polynomial A; is
reduced with respect to a polynomial A ; if A; contains neither
the leader of A ; with equal or greater algebraic degree, nor its
derivatives. If A; is not reduced with respect to A ;, it can be
reduced by using the pseudodivision algorithm in Section 2.1.
A set of differential polynomials A = {A,A,,...,A,} that
are all reduced with respect to each other is called an auto-
reduced set.

Two auto-reduced sets, A = {A,A,,...,A,} and B =
{B,,B,,...,B,} ordered in increasing rank so that A|, < A, <

. < A,,B; < B, < ... < B, are ranked according to the

following principle: if there is an integer k, k < min(s, ) such
that rank A; =rank B;,i = 1,...,k — 1, rank A, < rank By,
then A is said to be lower rank than B. If r < s and rank A;
=rank B;,i = 1,...,r, then A is also said to be of lower rank
than B.

A useful description of a differential ideal is called a
differential characteristic set, which is a finite description of
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a possibly infinite set of differential polynomials. We give the
technical definition from [12].

Definition 2. Let X be a set of differential polynomials, not
necessarily finite. If A C X is an auto-reduced set, such that
no lower ranked auto-reduced set can be formed in %, then A
is called a differential characteristic set.

A well-known fact in differential algebra is that differen-
tial ideals need not be finitely generated [12, 15]. However,
a radical differential ideal is finitely generated by the Ritt-
Raudenbush basis theorem [16]. This result gives rise to Ritt’s
pseudodivision algorithm (see below), allowing us to com-
pute the differential characteristic set of a radical differential
ideal. We now describe various methods to find a differential
characteristic set and other related notions, and we describe
why they are relevant to our problem; namely, they can be
used to find the input-output equations.

In what follows, we will be considering the differential
ring R(p)[u, y, x], where R(p) is the field of rational functions
in the parameter vector p. The variables in this differential
ring are the states, the inputs, the outputs, and possibly their
derivatives.

Consider an ODE system of the form x(t) =
f(x(t), p,u(t)) and yj(t) = gj(x(t),p) for j = 1,...,.M
with f and g rational functions of their arguments. Let our
differential ideal be generated by the differential polynomials
obtained by subtracting the right-hand-side from the ODE
system to obtain x(t) — f(x(t), p, u(t)) and yj(t) - gj(x(t),p)
for j = 1,..., M. In what follows, we use the ranking in [17],
which is given by

U<u<U< - <y<y<y<.--

)

<X <Xy <oon KX <Xy <o

Note that the notation reflects the fact that the ordering
among the components of u and y is immaterial, since
these are known variables, whereas different ordering of the
components of x may lead to different characteristic sets [17].
With respect to this ordering, a differential characteristic set
is of the form [17]:

Ap(wy),.... Ay (wy)
Ann (u,y, xl)

Appir (Y, X1, %,) (3)

Apren (WY %y, xy)

where A; are differential polynomials. Note that the result-
ing system is not necessarily auto-reduced in R(p)[u,y,x],
namely, A,(u,),..., Ay (1, y) may not be auto-reduced.
The first M terms of the differential characteristic set,
A (w,y),...,Ap(u,y), are those terms independent of the
state variables and when set to zero form the input-output
equations:

) =0. (4)

F(ui,i,t,....y,7,V.¥..

Specifically, the M input-output equations F(u, w, i, u,...,y,
Y,¥,¥,...) = 0 are polynomial equations in the variables
wWw,i,u,...,,Y,¥,Y,... with rational coeflicients in the
parameter vector p. Note that the differential characteristic
set is in general non-unique, but the coefficients of the input-
output equations can be fixed uniquely by normalizing the
equations to make them monic.

We now discuss several methods to find the input-output
equations. The first method (Ritts pseudodivision algorithm)
can be used to find a differential characteristic set for a radical
differential ideal. The second method (RosenfeldGroebner)
gives a representation of the radical of the differential ideal
as an intersection of regular differential ideals and can also
be used to find a differential characteristic set under certain
conditions [18,19]. Finally, we discuss Grobner basis methods
to find the input-output equations.

2.1 Ritt’s Pseudodivision Algorithm. An algorithm to find
a differential characteristic set of a radical (in particular,
prime) differential ideal generated by a finite set of differential
polynomals is called Ritts pseudodivision algorithm. We
describe the process in detail below, which comes from
the description in [17]. Note that our differential ideal as
described above is a prime differential ideal [12, 20]. Let A;
and A ; be differential polynomials.

(1) If A; contains the k" derivative u§k) of the leader of
AjAjis differentiated k times so its leader becomes
u'®.

j

(2) Multiply the polynomial A; by the coefficient of the

highest power of uE.k); let R be the remainder of the

division of this new polynomial by A(jk) with respect
to the variable ug,k). Then R is reduced with respect to

A(;C). The polynomial R is called the pseudoremainder
of the pseudodivision.

(3) The polynomial A; is replaced by the pseudoremain-

der R and the process is iterated using A(jk_l) in

place of A(]k) and so on, until the pseudoremainder is
reduced with respect to A ;.

This algorithm is applied to a set of differential poly-
nomials, such that each polynomial is reduced with respect
to each other, to form an auto-reduced set. The result is
a differential characteristic set. Note that the multiplication
mentioned in Step (2) above may yield a nonequivalent
system if that coeflicient happens to belong to the ideal.
However, in practice, this does not occur for the ODE systems
studied [17].

2.2. RosenfeldGroebner. Using the DifferentialAlgebra
package in Maple, one can find a representation of the radical
of a differential ideal generated by some equations, as an
intersection of radical differential ideals with respect to a
given ranking [21]. Specifically, the RosenfeldGroebner
command in Maple takes two arguments: sys and R, where
sys is a list of set of differential equations or inequations



which are all rational in the independent and dependent vari-
ables and their derivatives and R is a differential polynomial
ring built by the command DifferentialRing specifying
the independent and dependent variables and a ranking for
them [21]. Then RosenfeldGroebner returns a represen-
tation of the radical of the differential ideal generated by
Sys, as an intersection of radical differential ideals saturated
by the multiplicative family generated by the inequations
found in sys. This representation consists of a list of regular
differential chains with respect to the ranking of R. Note that
RosenfeldGroebner returns a differential characteristic set
if the differential ideal is prime [18].

2.3. Grobner Basis Methods. Finally, both algebraic and dif-
ferential Grobner bases can be employed to find the input-
output equations. To use an algebraic Grobner basis, one
can take a sufficient number of derivatives of the model
equations and then treat the derivatives of the variables
as indeterminates in the polynomial ring in x, %, %,..., u,
u, ..., ¥, ¥, V..., etc. Then a Grobner basis of the ideal
generated by this full system of (differential) equations with
an elimination ordering where the state variables and their
derivatives are eliminated first can be found. Details of this
approach can be found in [22]. Differential Grobner bases
have been developed by Carra Ferro [23], Ollivier [24], and
Mansfield [25], but currently there are no implementations
in computer algebra systems [14].

3. Model Rejection Using
Input-Output Invariants

We now discuss how to use the input-output invariants
obtained from differential elimination (using Ritt’s pseudo-
division, differential Grobner bases, or some other method)
for model selection/rejection.

We can write our input-output relations in (4), or input-
output invariants, in the form:

Zc ®) v (wy) =0 (5)

The functions ;(u, y) are differential monomials, i.e., mono-
mials in the input/output variables u,, 4,4, ..., y,y,V,¥, .. .,
etc., and the functions ¢(p) are rational functions in the
unknown parameter vector p. In order to uniquely fix
the rational coefficients ¢;(p) to the differential monomials
y;(u,y), we normalize each input/output equation to make
it monic. In other words, we can rewrite our input-output
relations as

ga P i (wy) = (uy) 6)

Here &(u,y) is a differential monomial in the input/output
variables w,w,w,u, ..., v,¥,V,¥,..., etc. If the values of
W i,u..., ,5,¥,Y,..., etc., were known at a sufficient
number of time instances t,,t,,...,t,,, then one could
substitute in values of y;(u,y) and &(u,y) at each of these
time instances to obtain a linear system of equations in the

variables G(p).
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First consider the case of a single input-output equation. If
there are n unknown coeflicients ¢;(p), we obtain the system:
G @y (u(ty)y(6))+--
+6 @y, (u(n).y (1)) = &(u(n).y (1))
7)
a @)y (u(tn)y (tn) +-
+ 6 (P) Vi (u (tn) ¥ (£)) = & (u () ¥ (10))

We write this linear system as Ak = b, where A is an m by
n matrix of the form:

vy (u(ty),y(t)) v (u(ty),y(t))
: : : (®)
vy () y () o ¥ (u(t) 5y (£0))
k is the vector of unknown coefficients [¢,(p),. . ., &,(p)] ", and

b is of the form [&(u(t,), y(t,)), ..., E(u(tm),y(tm))]T.
For the case of multiple input-output equations, we get
the following block diagonal system of equations Ax = b:

A, 0 0 ... 0 K, b,
0 Ay O ... 0 K, b,

= _ )
0 0 0 ... Ay Kng by

where Aisam =m, +---+my; byn =n, +--- + ny, matrix.

In the symbolic setting, given a general input function
u and generic initial conditions and parameters, this system
Ax = b should have a unique solution for x, due to the
persistence of excitation conditions [26]. In other words, we
assume that the vectors of differential monomials vy, ..., y,
at various time points are linearly independent. This means
the coeflicients ¢(p) of the input-output equations can be
uniquely determined in the generic setting [26]. Note that we
have assumed that the parameters are all unknown and we
have not taken any possible algebraic dependencies among
the coefficients into account.

The main idea of this paper is to translate the symbolic
setting to the numerical setting and can be described as
follows. Assume we have perfect data; i.e., we know values
of wu,u,u,....,%,VV,V,..., etc., at many time instances
t1>...»t,, perfectly. Given a set of candidate models, we
find their associated input-output invariants and then sub-
stitute in our values of w,w,4,u,...,y,V,¥,V,..., etc,, at
time instances t,,...,t,,, thus setting up the linear system
Ax = b for each model. With perfect data and assuming
the persistence of excitation conditions mentioned above,
the solution to Ax = b should be unique for the correct
model, but there should, in theory, be no solution for each
of the incorrect models. Thus under ideal circumstances,
one should be able to select the correct model since the
input/output data corresponding to that model should satisty
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its input-output invariant. Likewise, one should be able to
reject the incorrect models since the input/output data should
not satisfy their input-output invariants.

However, with imperfect data, there could be no solution
to Ax = b even for the correct model, and likewise there may
or may not be a solution to Ax = b for an incorrect model.
Thus, with imperfect data, one may be unable to select the
correct model. On the other hand, if there is no solution to
Ax = b for each of the candidate models, then the goal is to
determine how “badly” each of the models fails and rejects
models accordingly.

A subtle point regarding this approach is that this
model rejection technique works best if the models under
consideration are in the simplest possible form. This means
that, ideally, redundant parameters have been eliminated
from the model so that the input-output equations are as
reduced as possible; i.e., there are not extra columns in A
when considering the linear system Ax = b. Extra columns
generically mean more possible solutions, which can make it
harder for our algorithm to reject incorrect models. However,
redundant parameters, and the related notion of parameter
unidentifiability, do not necessarily yield more coefficients in
the input-output equations, as can be seen from the structure
of input-output equations for linear compartment models as
discussed in Section 8.

A related question to model compatibility is that of
structural indistinguishability. Two models are structurally
indistinguishable if for any choice of parameters in the first
model there is a choice of parameters in the second model
that will yield the same dynamics in both models, and vice
versa [27]. One way to test for structural indistinguishability
of two models is to find the associated input-output equations
and then equate their coefficient functions and attempt to
solve for one set of parameters in terms of the other set of
parameters, and vice versa [27]. A necessary condition for
models to be structurally indistinguishable is to have input-
output equations with the same differential monomial terms.
Since our approach only considers the structure of the input-
output equations and not the specific coefficient functions, it
is possible to have several different models, all with the same
structure of their input-output equations, to be compatible
using our model compatibility test. Thus, if a given model is
found to be compatible, then any model that is structurally
indistinguishable from that model is also compatible and thus
our approach and structural indistinguishability testing can
be applied in parallel. For more on structural indistinguisha-
bility, see [28-30]. The specific form of the coefficients of the
input-output equations is considered in Section 8.

We now describe criteria to reject models.

4. Linear Solvability
Let A € R™" and consider the linear system
Ax =b. (10)

Here, we study the solvability of (10) under noisy perturbation
of both A and b. Let A and b denote the perturbed versions of
A and b, respectively, and assume that A~ A and b—b depend

only on A and b, respectively (see Section 5). Our goal is to
infer the unsolvability of the unperturbed system (10) from
observation of A and b only.

Our method is based on detecting the rank of an aug-
mented matrix, but first let us introduce some notation. The
singular values of a matrix A € R"™" will be denoted by

GI(A)2"'ZGE(A)20€+1(A):"':Gn(A):O’
(11)

¢ = min (m,n).

(Note that we have trivially extended the number of singular
values of A from € to n.) The rank of A is written rank(A).
The range of A is denoted Z#(A). Throughout, | - || refers to
the Euclidean norm.

The basic strategy will be to assume as a null hypothesis
that (10) has a solution, i.e., b € R#(A), and then to derive
its consequences in terms of A and b. If these consequences
are not met, then we conclude by contradiction that (10) is
unsolvable. In other words, we will provide sufficient but not
necessary conditions for (10) to have no solution; i.e., we can
only reject (but not confirm) the null hypothesis. We will refer
to this procedure as testing the null hypothesis.

4.1. Preliminaries. We first collect some useful results.
Theorem 3 (Weyl’s inequality). Let A, A € R™". Then
low(A) -, W] <|A-4|, k=1,...,n. (12)

Corollary 4. Let A, A € R™" and assume that rank(A) < k.
Then

o (&) < HZ - A|| . (13)
Therefore, if (13) is not satisfied, then rank(A) > k.

4.2. Augmented Matrix. Assume the null hypothesis. Then
b € R(A), so rank([A,b]) = rank(A) < min(m,n).
Therefore, 0,,,([A,b]) = 0. But we do not have access to
[A, b] and so must consider instead the perturbed augmented

matrix [A, b].
Theorem 5. Under the null hypothesis,

o (AH]) <[~ 458
- 3 (14)
<7~ Al +[p-o]

Proof. Apply Corollary 4. O

In other words, if (14) does not hold, then (10) has no
solution.

Remark 6. This approach can fail to correctly reject the null
hypothesis if A is (numerically) low-rank.

Remark 7. In principle, we should test directly the assertion
that rank([A, b]) = rank(A). However, we can only establish
lower bounds on the matrix rank (we can only tell if a



singular value is “too large”), so this is not feasible in practice.
An alternative approach is to consider only numerical ranks
obtained by thresholding. How to choose such a threshold,
however, is not at all clear and can be a very delicate matter
especially if the data have high dynamic range.

Remark 8. The theorem is uninformative if m < » since then
0,.1([A,b]) = 0,,,([A,b]) = 0 trivially. However, this is not
a significant disadvantage beyond that described above since
if A is full-rank, then it must be true that (10) is solvable.

4.3. Example: Perfect Data. As a proof of principle, we first
apply Theorem 5 to a simple linear model. We start by
taking perfect input and output data and then add a specific
amount of noise to the output data and attempt to reject the
incorrect model. In the subsequent sections, we will see how
to interpret Theorem 5 statistically under a particular “noise”
model for the perturbations.

Here, we take data from a linear 3-compartment model,
add noise, and try to reject the general form of the linear
2-compartment model with the same input/output compart-
ments. Linear compartment models are defined in Section 8.
In practice, one would like to compare models with the
same input and output compartments, as the number of
compartments involved may not be known, but the injection
and measurement compartments would be known. Thus,
in this particular example, we are assuming the linear 3-
compartment model is the “true model” and want to reject
a competing model, but as our method concerns model
rejection and not model selection, this notion of a “true
model” is not a requirement for our method to work.

Example 9. Let our model be a 3-compartment model of the
following form:

b -2 1 0 X
% |=( 1 -3 1 x,
X3 0 1 -2 X3
2¢7 + 127
+ 0 ,
< 0 (15)
y =X
x(0) =1,
x,(0)=7,
x;(0)=9

Here we have an input to the first compartment of the form
u, = 2" + 12¢7* and the first compartment is measured,
so that y = x; represents the output. Note that we have
chosen a smooth, persistently exciting input function [26] so
that derivatives can be taken and the coeflicients of the input-
output equation can be uniquely determined, as required. The
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solution to this system of ODEs can be easily found of the
form:

x, 1 -1 1
x, |=7( 1 ]e+[ 0 |e*+| 2 |e*
X3 1 1 1
(16)
-1 -5

+ -1 e+ 3 |
1 -1
sothat y = 7e™ —e ™ + e — 7 — 57,
The input-output equation for a 3-compartment model
with a single input/output to the first compartment has the
form:

Vytaj+aytay =i+l t iy (17)

where ¢, ¢, c; are the coefficients of the characteristic poly-
nomial of the matrix A and ¢, ¢; are the coefficients of the
characteristic polynomial of the matrix A; which has the first
row and first column of A removed [31].

We now substitute values of uy,,i;, ¥, ¥, ¥, ¥ at time
instances t = 0,0.2,0.4,0.6,0.8,1 into our input-output
equation and solve the resulting linear system of equations for
€156, G, 645 G5 We get that ¢ = 7,¢, = 14,6, = 8,¢, = 5,65 =
5, which agrees with the coeflicients of the characteristic
polynomials of A and A,.

We now attempt to reject the 2-compartment model using
3-compartment model data. We find the input-output equa-
tions for a 2-compartment model with a single input/output
to the first compartment, which has the form:

J+Cy+Cyy=1u +Cyu (18)

where again C;,C, are the coefficients of the characteristic
polynomial of the matrix A and Cs is the coefficient of the
characteristic polynomial of the matrix A; which has the first
row and first column of A removed.

We substitute values of u;, 1, y, 9, j at time instances
t =0,0.2,0.4,0.6,0.8,1 into our input-output equation and
attempt to solve the resulting linear system of equations for
C,,C,,C;.

The singular values for the matrix A with the substituted
values of u,, y, y at time instances t = 0,0.2,0.4,0.6,0.8, 1 are

24.8133,7.64917,0.0626589 (19)

The singular values of the matrix [A,b] with the sub-
stituted values of uy,1,y,y,y at time instances t =
0,0.2,0.4,0.6,0.8, 1 are

57.174,7.69381,0.326204, 0.00596031 (20)

Since the smallest singular value is greater than zero (or order
machine precision), it is evident that the 2-compartment
model can be rejected.

We now add noise to our matrix A in the following way.
To each entry y, and y, we add €k;; where k;; is a random
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real number between 0 and 1, and € = 0.001. Then the noisy
matrix A has the following singular values:

24.8134,7.64949,0.0627827 (21)

We add noise to our vector b in a similar way. To each
entry i — j, we add €k;; where k;; is again a random real

number between 0 and 1. Then the noisy matrix [4, 5] has
the following singular values:

57.1747,7.69409,0.326141, 0.00579117 (22)

To determine whether the noisy data are compatible, we
need to compute [|[A — A,D = b]|. Due to the specific noise
model chosen, this can be bounded independently of the
true unobservable data [A,b] as €||1]| = 0.00489898, where
1 is a matrix of all ones of the appropriate size (the actual
norm is 0.00207018). Since this norm is less than the smallest
singular value 0.00579117, we can reject this model. Thus,
using noisy 3-compartment model data, we are able to reject
the 2-compartment model.

5. Statistical Inference

We now consider the statistical inference of the solvability of
(10). First, we need a noise model.

5.1. Noise Model. If the perturbations | A — A|| and 15 - bl
are bounded, e.g., |A — Al < ¢|A] and [b - b < €Dl
for some € > 0 (representing a relative accuracy of € in the
“measurements” A and b), then Theorem 5 can be used at
once. However, it is customary to model such perturbations
as normal random variables, which are not bounded. Here,
we will assume a noise model of the form

A-A=Cz02Z,
_ (23)
b-b=CyoZ,

where Cz is a (computable) matrix that depends only on
A and similarly with C;, A o B denotes the Hadamard
(entrywise) matrix product (A o B); = A;B;j, and Z is a
matrix-valued random variable whose entries Zij ~ H(0,1)
are independent standard normals.

In our application of interest, the entries of C; depend on
those of A as follows. Let Ajj = ¢;;(v) for some input vector
v, but suppose that we can only observe the “noisy” vector
¥ = (1 + €Z) o v. Then the corresponding perturbed matrix
entries are

;{ij =¢;; (V)
= ‘/5;‘]‘ (v) + ez (V¢ij (V))k iZi + O (52) > (24)
k

Zi~ N (0,1).
By the additivity formula

Zaka = \jZa,ﬁz =l Z (25)
k k

7
for standard Gaussians,
Z (V%' (V))k Vily = Z (V¢ij (v)o V)k Zy
= |V (1) o v] 2.
Therefore,
A=A +e|V; ) ov|Zz+0(e)
(27)
= Ay +e|Ve,; (@ 7| Z+0(),
S0, to first order in €,
(Ca); = €| Ve @) 7. (28)

An analogous derivation holds for ;.
The basic strategy is now as follows. Let 7 be a test statistic,

ie., onﬂ([;f,l;]) in Section 4.2. Then since
7, < ([Cz° 2] +|C5 - Z]), > (29)

where we have made explicit the dependence of both sides on
the same underlying random mechanism w, the (cumulative)
distribution function of 7 must dominate that of [|C5 o Z]|| +
IC; © ZI, ie.,

Pr(r<v)>Pr(|Cz0Z| +|CseZ|<v).  (30)
Thus,

Pr(t>v) <Pr(|Cz°Z| +|Cs°Z| > v) (31a)

- J°° Pr(|Cxo 2] = 1) Pr(|Cyo 2] 2 v—1)dt (3Ib)
0

- [ 2elcae 2l = 0 pelics o 2l = v-ryar
(31¢)

+j Pr(|Cxo 2| = t)dt

< L rlcrezl = 0pr(ic 2 2 v-0ar

+Pr(|CzoZ| = v).

Using (3la)-(31d), we can associate a p-value to any
given realization of 7 by referencing upper tail bounds for
quantities of the form ||C o Z||. Recall that 7 = 0 under the
null hypothesis. In a classical statistical hypothesis testing
framework, we may therefore reject the null hypothesis if
(31d) is at most «, where « is the desired significance level
(e.g., « = 0.05).

5.2. Hadamard Tail Bounds. We now turn to bounding
Pr(|IC o Z|| = v), where we will assume that C,Z € R™",
This can be done in several ways.

One easy way is to recognize that

ICZ| <IICe Zlg < ICl 121l > (32)



where || - || is the Frobenius norm, so
Pr(|CoZ| 2 v) < Pr(ICe Z|; 2 v)

v ) (33)

< Pr <||Z|| > ——
o

But |Z|lz ~ X, has a chi distribution with mn degrees of
freedom. Therefore,

v
Pr(llle 2—>:Pr<V2
P2 CH,

However, each inequality in (32) can be quite loose; a slightly
better approach is to use the inequality [32]

, V~ ne 34
||C||F> Ko (34)

[Co Z|| <] min (miax ICi.]» max “C]H> Izl, (35

where C;. and C,; denote the ith row and jth column,
respectlvely, of C. The [|Z]| term can then be handled using
a chi distribution via [|Z|| < |[|Z|| as above or directly
using a concentration bound (see below). Variations on this
undoubtedly exist.

Here, we will appeal to a result by Tropp [33]. The
following is from Section 4.3 in [33].

Theorem 10. Let C,Z € R™", where each Zi; ~ (0, 1).
Then for any v > 0,
2
Pr(CoZ|| 2 v) < + -—— 1,
r (| [ 2v)<(m+n) exp( 202>
(36)

0% = max <max ||Ci)‘.||2 , max "C:,j||2> .
i j

5.3. Test Statistic Tail Bounds. The bound (31d) for Pr(t > v)
can then be computed as follows. Let

P1 (V)
- j”pr(”cgoz” > ) Pr(|Co 2] 2 v—1)dt,  (37)
0

P,(v) =Pr(|Cze Z| = v)
so that Pr(t > v) < P,(v) + P,(v). Then by Theorem 10,

P, (v)

v 2 (38)
Sm(m+n)j exp[ ( (v ) )]dt,
0 2 O'A ab

where 0124 and O'Z are the “variance” parameters in the theorem
for Cz and G;, respectively. This simplifies to

2
P, (v) < m(m + n)exp [—l (V—)]

2 2
2 0y + 0y

Complexity

on completing the square. Now set

2 _ 0124(’2
o +0}’
(40)
__%
B o4 +o;
so that the integral becomes
v 1 (% +0? o
Jexp ——( AZ zb)(t— 2A2 dt
0 2 040} 04+ 0y
(41)
v 2
(t —av)
= - d
Jo P 202
The variable substitution u = (t — av)/o then gives
p t— 2 (1-a)v/o B
j exp [_%]dtzaj e uz/zdu
0 20 —av/o
(42)
= vana [o () o ()
o o/l
where
1 v —-2/2
o) = — J e '“dt 43
V2711 J-c0 ( )

is the standard normal distribution function. Thus,

P (v) < \2mom (m+n)

[o(57) ()]
1 Vv
7wl

2
P, (v) s(m+n)exp<—2‘j7). (45)
A

exp [_

A similar analysis yields

Equations (44) and (45) together comprise the probability
bound on the null hypothesis that we will use hereafter.

6. Gaussian Processes to Estimate Derivatives

We next present a method for estimating higher order
derivatives and the estimation error using Gaussian Process
Regression and then apply the input-output invariant method
to both linear and nonlinear models in the subsequent
sections.

A Gaussian process (GP) is a stochastic process W(t) ~
N (ult), Z(t, t")), where u(t) is a mean function and (5 t)
a covariance function. GPs are often used for regres-
sion/prediction as follows.

Suppose that there is an underlying deterministic func-
tion w(t) that we can only observe with some measurement
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noise as W(t) = w(t) + e(t), where e(t) ~ H(0,0%()(t, 1))
for

ifr=1t

46
ift#¢ (46)

EE {(1)

the Dirac delta. We consider the problem of finding w(t)
in a Bayesian setting by assuming it to be a GP with prior

mean and covariance functions p, ;,, and Z,.;,,., respectively.

Then the joint distribution of @W(t) = [LF(tl),...,1,'l7(1.‘p)]T
at the observation points t = [1‘1,...,1‘1,]T and w(s) =
[w(sy), .. w(sq)]T at the prediction points s = [s;,... ,sq]T
is
|:w(t):| - /V<|:[’lprior (t)] ,
w (S) A"iprior (S)
(47)

2
[mer G +0> (O X (s,0) ] )
Zprior (S, t) z“plrior (S, S)

The conditional distribution of w(s) given w(t) = w(t) is also
Gaussian:

w(s) | W ®) =DO) ~ H (pos> Zpost) > (48)

where

-1
ypost = .Mprior (S) + Zprior (S, t) (zprior (t’ t) + 02 (t) I)

: (w (t) - ‘Mprior (t)) >
(49)
Zpost = zprior (S> S) - Zprior (S, t)

(Zprior €O+ 0> 1) DELL (5,0

are the posterior mean and covariance, respectively. This
allows us to infer w(s) on the basis of observing w(t).
The diagonal entries of X, are the posterior variances
and quantify the uncertainty associated with this inference
procedure. In particular, the square roots of these variances
give us estimates on the ew term in the assumed noise model
W = (1 +€Z) ow in Section 5.

6.1. Estimating Derivatives. Equation (48) provides an esti-
mate for the function values w(s). What if we want to
estimate its derivatives? Let cov(w(t), w(t')) = k(t,t') for
some covariance function k. Then cov(w™(t), w™(t')) =
9"0)ik(t,t") by linearity of differentiation. Thus,

where ygr)ior(t) is the prior mean for w?(t) and Zgr’{())r(t, ' =
a;'aj, Zorior (b t"). This joint distribution is exactly of the form
(47). An analogous application of (48) then yields the poste-
rior estimate of w® (s) | (w(t) = @W(t)) foralli =0,1,...,n.

Alternatively, if we are interested only in the posterior
variances of each w® (s), then it suffices to consider each 2 x 2
block independently:

w (t) Mprior (t)
0] ~ @) ’
w (S) .Mprior (S)
Sprior (68) + 07 (T LT (s, 1)
=0 (s,1) =6 (s.8) | )

prior

(51)

prior

The cost of computing (2. (t, t) + W) can clearly be

amortized over all 7.

prior

. _ T 1,0), 0), 1
w(t) Hprior (1) Zprior (t,t) + o’ (01 Z;—rior (s;t) Z;rio)r-r (s;t) -+ Zg;io)r-r (s, t)
w(s) Hprior (8) % prior (8: 1) % orior (5:9) Z;lr’i?))f (s,8) - Zg’i?r’T (s,8)
! 1) (1,0) (1,0) (L1) (n1),T
ws) | Horior (8) , orior (8:1) Zorior (88) oo (s,8) -o- BT (s,) ’ (50)
(n) (n) 0 0 )
L w™ (s) | [ Hprior () ] 200 (s,1) S0 (s,8) S0 (s,) o (898) ]

6.2. Formulae for Squared Exponential Covariance Functions.
We now consider the specific case of the squared exponential
(SE) covariance function

(1)

k(t,t')z@zexp BEY?

, (52)

where 6” is the signal variance and ¢ is a length scale. The SE
function is one of the most widely used covariance functions
in practice. Its derivatives can be expressed in terms of the
(probabilists’) Hermite polynomials

dn e—w2/2

T (53)

H, (W) = (-1)" e“

(these are also sometimes denoted He, (w)). The first few
Hermite polynomials are Hy(w) = 1, H;(w) = w, and
H,(w) = w? - 1.



10

P k(t,t'). Let v =
(t - t')/€ so that k(t,t') = k(v) = 6%¢"/2. Then 3" f(v) =
(1/6) f('" (v)and 9 f(v) = (-1/€) f(” (v). Therefore,

We need to compute the derivatives o;"

i 0" li ( 1) (m+n)
ot atlnk (t’t ) pmn i K ( )
- (WL)” o (M EW) (54)

- (;2;” Hypn (%) k(tt').

The GP regression requires us to have the values of the
hyperparameters 0”, 6, and ¢. In practice, however, these
are hardly ever known. In the examples below, we deal with
this by estimating the hyperparameters from the data by
maximizing the likelihood. We do this by using a nonlinear
conjugate gradient algorithm, which can be quite sensitive to
the initial starting point, so we initialize multiple runs over
a small grid in hyperparameter space and return the best
estimate found. This increases the quality of the estimated
hyperparameters but can still sometimes fail.

7. Results

We showcase our method on competing models: linear
compartment models (2 and 3 species), Lotka-Volterra mod-
els (2 and 3 species) and Lorenz. We compute the input-
output invariants of the Lotka-Volterra and Lorenz using
RosenfeldGroebner. The method to compute the linear
compartment input-output invariants is presented in the
following section. We simulate each of these models to
generate time-course data, add varying levels of noise, and
estimate the necessary higher order derivatives using GP
regression. Using the estimated GP regression data, we test
each of the models using the input-output invariant method
on other models.

Example 11. 'The two species Lotka-Volterra model is
X, = pix

Xy = —P3Xy + PaXy Xy,

— D2X1%,
(55)

where x; and x, are variables and p,, p,, p5, p, are parame-
ters. We assume only x, is observable and perform differential
elimination and obtain our input-output invariant in terms of
only y = x,(¢):
. 2 . 3 2 _ . 2
Payy = psyy = PPyt pipsy” =y -y (56)

Example 12. By including an additional variable z, the three
species Lotka-Volterra model is

X) = p1x

Xy = —P3Xp + PaXy Xy —

= D2X1%,
PsXyX3, (57)

X3 = —PeX3 + PrXyX3,

Complexity

assuming only y = x; is observable. After differential
elimination, the input-output invariant is

(pfp4p6 _Pibapy ) Y+ (M - prsps) y'
J2) j2)
<3p%p4p7 + byt 2p1p4p6)
+ (2p1p3p6 3pipsps ) vy’
2
+ <p4p6 2p1ps - p1p4p7>y y
2]
+ <P1P7 +SP1Papy — P3Ps — PlPé) J.}zyz (58)
+ <P;f7 +p4) 2
. <2 2p1p7p: P3Py > Py+ ;y
o

P1Ps - p1p7>yy

2 .. ..
+ (M -3p, - p6> gy’ - P y57y
)2 2

Py ==y iy - ity + g

Example 13. Another three species model, the Lorenz model,
is described by the system of equations:

% = py (% —xy),
%y = %, (py = X3) = X5 (59)
X3 = X1X; = P3Xs3,

We assume only y = x; is observable, perform differential
elimination, and obtain the following invariant:

—(pr+p3) iy + py’ = (prps + ps) vy - p1y*
pips) Y (60)
=yy-yy+iy-y+ .

Example 14. A linear 2-compartment model without input
can be written as

+(p1paps —

X1 = piXy t+ praxos
(61)
Xy = PaiXy t+ DXy,

where x; and x, are variables and p;;, P12, Pa1> P2y are
parameters. We assume only x, is observable and perform
differential elimination and obtain our input-output invariant
in terms of only y = x,(¢):

= (P11 + ) Y+ (PriPoa = PraP) y =0  (62)
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Example 15. A linear 3-compartment model without input is
X = puXy + PraXy + P3Xs,
Xy = DXy + PpXy + Pr3Xs (63)
X3 = P31X) + P3Xy + P33X3,

where x,x,,x; are variables and p;.p12> Pi3> Par> Paz>
Da3> P31> P32> P33 are parameters. We assume only x; is
observable and perform differential elimination and obtain
our input-output invariant in terms of only y = x,():

V= (P11 + P+ P33) J + (PraPa1 = PriPr + Pr3Pa

+ Pr3P32 = PuiPss — PPss) ¥ = (=PisPubn
+ P12P23P31 + P13P21 P32 — P11P23Ps2 — P12PaiP3s

+ PPnpPs)y =0

By assuming y = x; in Examples 6.1-6.5 representing
the same observable variable, we apply our method to data
simulated from each model and perform model comparison.
The models are simulated and 100 time points are obtained
for the variable x in each model. We add different levels of
Gaussian noise to the simulated data and then estimate the
higher order derivatives from the data. Accurate estimation of
the derivatives was not always possible. For example, during
our study we found that for some parameters of the Lotka-
Volterra three species model, e.g., p, p,» P3> Pa» Ps» Pe> P7 =
[1.24;1.68;3.26;0.38; 1.50; 0.15; 1.14], the data could not ade-
quately fit with a GP, as indicated by a small likelihood.
Furthermore, even when a good fit is achieved, the derivative
estimates themselves could be poor as reflected in high pos-
terior variances. This is a notoriously difficult problem and
we offer only some pragmatic guidance here. In particular,
we err on the side of being overly conservative by keeping

(64)

only “good” time points defined as follows. Let o~ (t) be the

pos
posterior standard deviation of the estimate of y(k)(t). Then a
time point ¢; is considered good only if

olsost (t;) < mean {algost (tj)} + std {algost (tj)} (65)
for all k, where mean(-) and std(-) give the mean and
standard deviations, respectively, of a set. In this way, we
adaptively filter out potentially problematic inputs to the
ensuing model rejection framework. Note that filtering out
data is equivalent to removing constraints so that we can
only decrease the discriminatory power, i.e., models that are
flagged as incompatible after data filtering would have been
incompatible as well without filtering.

Once the data are obtained and derivative data are
estimated through the GP regression, each model data set
is tested against the other input-output invariants. Results
are shown in Figure 1, which gives a probability bound that
the data are compatible with a given model (i.e., ~ 0 means
model rejected) at a variety of noise levels. We find that we
can reject the three species Lotka-Volterra model and Lorenz
model for data simulated from the Lotka-Volterra two species;
however, both linear compartment models are compatible.
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For data from the three species Lotka-Volterra model, the
linear compartment models and two species Lotka-Volterra
can be rejected until the noise increases and then the method
can no longer reject any models. Finally data generated from
the Lorenz model can only reject the two species linear
compartment and two species Lotka-Volterra model.

8. Other Considerations: Known Parameter
Values and Algebraic Dependencies

We have demonstrated our model discrimination algorithm
on various models. In this section, we consider some other
theoretical points regarding input-output invariants.

As mentioned earlier, we have assumed that the param-
eters are all unknown and we have not taken any possible
algebraic dependencies among the coeflicients into account.
This latter point is another reason our algorithm only con-
cerns model rejection and not model selection. Thus, each
unknown coeflicient is essentially treated as an independent
unknown variable in our linear system of equations. How-
ever, there may be instances where we would like to consider
incorporating this additional information.

To analyze the effects of incorporating known parameter
values and algebraic dependencies, we will examine a par-
ticularly nice class of models, linear compartment models,
whose input-output equations can be found using linear
algebra techniques [31]; i.e., computation of the input-output
equations does not rely on more computationally intensive
approaches such as RosenfeldGroebner and Grébner bases.
Since we will now be considering the explicit form of the
coefficients of the input-output equations, we describe the
set-up of linear compartment models below.

Let G = (V,E) be a directed graph with vertex set V
and set of directed edges E. Each vertex i € V corresponds
to a compartment in our model and each edge j —
i corresponds to a direct flow of material from the jth
compartment to the ith compartment. Let In, Out, Leak € V
be three sets of compartments: the set of input compartments,
output compartments, and leak compartments, respectively.
To each edge j — i we associate an independent parameter
pij> the rate of flow from compartment j to compartment i.
To each leak node i € Leak, we associate an independent
parameter p;, the rate of flow from compartment i leaving
the system.

To such a graph G and set of leaks Leak we associate the
matrix A in the following way:

A
[~ poi - Z Py ifi=jandie€ Leak
k:i—k€eE
- ) b if i=jandi¢ Leak (66)
=1 ki—keE
bij if j — i isan edge of G
L0 otherwise

Then we construct a system of linear ODEs with inputs and
outputs associated with the quadruple (G, In, Out, Leak) as
follows:
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FIGURE 1: Data simulated from model specified and differential algebraic statistics model rejection applied to five model invariants. Gaussian
noise is added to data in factors of 10 at levels shown in the figure. (a) Data simulated from two species Lotka-Volterra model with parameter
values py, p,, p3» P = [1.24;1.68; 3.26;0.38] and initial condition [10, 1]. (b) Data simulated from three species Lotka-Volterra model with
parameter values p,, p,, Ps> Pa> Ps» Pe> P7 = [0.178;0.12;0.99; 0.17; 0.03; 0.56; 0.88] and initial condition [2, 1, 1]. (c) Data simulated from the
Lorenz model with parameter values p;, p,, p; = [3.5,.3,2.8] and initial condition [2, 1, 1]. (d) Data simulated from the linear compartment
three species model with parameter values p,;, p12> P13> Pa1> Paz> Pa3> P31> Pa> P33 = [-2,1,0,1,-3,1,0, 1, -2] and initial condition [3, 1, 5].

x(t) = Ax(t) +u(t)

y; (8) = x; (£)

where u;(t) = 0 for i ¢ In. The coordinate functions x;(t) are
the state variables, the functions y,(t) are the output variables,
and the nonzero functions u;(t) are the inputs. The resulting
model is called a linear compartment model.

In [31], an explicit formula for the input-output equations
for linear models was derived. In particular, it was shown that

(67)
for i € Out

all linear n-compartment models corresponding to strongly
connected graphs with at least one leak and having the same
input and output compartments will have the same differ-
ential polynomial form of the input-output equations. For
example, a linear 2-compartment model with a single input
and output in the same compartment and corresponding to a
strongly connected graph with at least one leak has the form:

Jjraytoy=u+cgu (68)
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Thus, our model discrimination method would not work
for two distinct linear 2-compartment models with the above-
mentioned form. In order to discriminate between two such
models, we need to take other information into account, e.g.,
known parameter values.

Example 16. Consider the following two linear 2-
compartment models:
(’h) _ (‘Pm ~—Pa P ) <x1> . (“)
X) P “Pr2/ \X; 0/’
= xl
(69)
(xl) _ <_P21 P12 ) (x1> N (”)
%, P —Po2 = P12/ \X» 0/’
Yy =X

whose corresponding input-output equations are of the
form:

J+ (Po1 + Par + Pr2) ¥ + PorPray = i + prout
J+ (Pyr + P12+ Po2) ¥ + PoaPary (70)
=+ (poy + pro)u

Notice that both of these equations are of the above-
mentioned form, i.e., both 2-compartment models have a
single input and output in the same compartment and corre-
spond to strongly connected graphs with at least one leak. In
the first model, there is a leak from the first compartment and
an exchange between compartments 1 and 2. In the second
model, there is a leak from the second compartment and an
exchange between compartments 1 and 2. Assume that the
parameter p;, is known. In the first model, this changes our
invariant to

(Por + P21) 7 + Por (Pray) = 6o+ prati = j = proy oD

or, ¢y + ¢ (Pray) = i+ o= j— proy

In the second model, our invariant is

(P21 + Po2) J + PoaPa1y — Pooth
=U+ppu—j-pry (72)
OL Y+ Gy +GuU=u+pou—y—p,y

In this case, the right-hand sides of the two equations are
the same, but the first equation has two variables (coefficients)
while the second equation has three variables (coefficients).
Thus, if we had data from the second model, we could try to
reject the first model (much like the 3-compartment versus 2-
compartment model discrimination in the examples above).
In other words, a vector in the span of y, y, and u for t,,t,,;
may not be in the span of y and y only.

We next consider the effect of incorporating coefficient
dependency relationships. While we cannot incorporate the
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polynomial algebraic dependency relationships among the
coefficients in our linear algebraic approach to model rejec-
tion, we can include certain dependency conditions, such
as certain coefficients becoming known constants. We have
already seen one way in which this can happen in the previous
example (from known nonzero parameter values). We now
explore the case where certain coefficients go to zero. From
the explicit formula for input-output equations from [31], we
get that a linear model without any leaks has a zero term
for the coefficient of y. Thus a linear 2-compartment model
with a single input and output in the same compartment and
corresponding to a strongly connected graph without any
leaks has the form:

J+ay=u+cgu (73)

Thus to discriminate between two distinct linear 2-
compartment models, one with leaks and one without any
leaks, we should incorporate this zero coeflicient into our
invariant.

Example 17. Consider the linear 2-

compartment models:
<x1> (‘Pm — P P12 ) (xl) (“)
.= + Y =X
X J258 —P12/ \Xx; 0
<5c1> <_P21 P12 >(x1) (”)
.= + Y =X
X Py P/ \X% 0

whose corresponding input-output equations are of the
form:

following two

J+ (Por + Par + Pr2) ¥ + PorPray = i + prous
J+ (P +pia) y=t+ppu

(75)

In the first model, there is a leak from the first compartment
and an exchange between compartments 1 and 2. In the
second model, there is an exchange between compartments
1 and 2 and no leaks. Thus, our invariants can be written as

aytoytgu=u-y 76)
qytou=u—jy

Again, the right-hand sides of the two equations are the
same, but the first equation has three variables (coefficients)
while the second equation has two variables (coefficients).
Thus, if we had data from the first model, we could try to
reject the second model. In other words, a vector in the span
of ¥, ¥, and u for t,,t,,t; may not be in the span of y and u
only.

9. Conclusion

After performing this differential algebraic and statistical
model rejection, one has already obtained the input-output
equations and thus can test structural identifiability [17, 26,
34]. In a sense, our method extends the current spectrum of
potential approaches for comparing models with time-course
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data, in that one can first reject incompatible models, then test
structural identifiability of compatible models using input-
output equations obtained from the differential elimination,
infer parameter values of the admissible models, and apply an
information criterion model selection method to assert the
best model.

Notably the presented differential algebraic and statistical
method does not penalize for model complexity, unlike tra-
ditional model selection techniques. Rather, we reject when
a model cannot, for any parameter values, be compatible
with the given data. We found that simpler models, such
as the linear 2-compartment model, could be rejected when
data were generated from a more complex model, such as
the three species Lotka-Volterra model, which elicits a wider
range of behavior. On the other hand, more complex models,
such as the Lorenz model, were often not rejected, from data
simulated from less complex models. In the future it would be
helpful to better understand the relationship between input-
output invariants and dynamics. It would be useful to develop
numerical algorithms in differential algebra (similar to thatin
numerical algebraic geometry); a natural extension, if such
algorithms were available, would be to analyze models with
data, although not parameter-free, similar to that done in [35,
36]. Another future direction is creating an algorithm that
takes a probabilistic or randomized approach for eliminating
variables of larger differential-algebra models [37].

We believe there is large scope for additional parameter-
free coplanarity model comparison methods. It would be
beneficial to explore whether algorithms for differential
elimination can handle larger systems and whether this area
could be extended.
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