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1. Unstructured Mechanistic Models cases in biomanufacturing
1.1. Case 1

The ODE system 1 represents the dynamics of mammalian cell growth Xv(t), nutrients
N(t) and metabolite/production formation MP(t) in a general form [1,2].

dXy(t)

o Xv(t)
LZY) = —unXv(t) 1)
dMP
dt(t = UmpXv(t)

1.2. Case 2

The ODE system 2 is a UMM used for Mab production [3]. This system represents the
cell growth, cell dead, uptake of substrates, metabolism, and production process with 35
parameters. More details can be found in [3].

dfgr . fer
dt "1 ([GLC]/K12)
dXy _ [GLC] [GLN] 1 1
5 - Hmax-f 81XV o e e K + [GLN] [LAC]/Kag £1 [AMM]/Kos £1  C
1 k
C = k(1 — fgr) Xv-(— Ay [ch])
aXi 1 X L Fa ks X
R e S (VY 71V T el e L
d[GLC] ( K31.[GLC].[GLN] K34.[GLC] )\ Xy — kseX
dt “(ksz+ [GLC])(kss + [GLN]) ' (kss + [GLC])” "V~ "¢V
d[GLN] _ , [GLC].[GLN]
dt o 41 V‘( (k42 + [GLC])UQB + [GLN]))
€]y, 41080
d [ASN] [ASN]
ar X g+ [AsN])
d [ASP] Ke1[ASN] Kes[ASP] Kes.[GLC].[GLN]
dt o V.(Kéz + [ASN] N Keg + [ASP] (K66 + [GLC])(K57 + [GLN]))
d[ALA] _ Kes.[GLC].[GLN] Kes[ALA]
it V'((K66 +[GLC])(Ke7 + [GLN]) ~ Kgo + [ALA])
d[AMM] _ , d[GLN] , (K [ASN] Kes[ASP] Kes.]ALA] )
dt LT 722V Kez + [ASN] " Koy + [ASP] ' (Kgo + [ALA])
d [mAb]

T = Xy (kg1 + kgz[GLC])

()
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1.3. Case 3

The ODE system 3 represents the Michaelis-Menten model for enzymatic reactions [4].

d%f) — —kyE(£)S(t) + koES(t) + k3ES(t)

450) ko B(1)S(8) + kaES(1)
dt

dES(t) B
=) = K E(1)S() — kES() — ksES(1)

d%ﬂ — k3ES(t)

1.4. Case 4

The ODE system 4 is a UMM used for Mab production [5]. This system represents the
cell growth, uptake of substrates, metabolism, and production process with 16 parameters
described in the Table S1. It is important to point out that Qm Ab denotes the specific mAb
production rate, and is an example of unshared parameter. More details can be found in [5].

dXy

T (1 —pa) Xy

dX

Wt =pXy — klysis(Xt - Xvy)

w=u [GLC] [GLN] Kiiac Kiamm
max.Kglc + [GLC] Kgin + [GLN] ‘Kllac + [LAC] 'Klumm + [AMM]

gln
1y = Hd max
a 1+ (Kd,amm + [AMM])Z
4 [GLC]
T = _lecXU
4 [(;Ji?N] = _lenXU - Kd,gln [GLN]
d [LAC (4)
[dt ] = QuacXv
% = QummXv + Kd,gln [GLN]
Qq1cXv = % + Mg
x,gle

. w[GLN]
Yx,gln ay + [GLN]

lenXU = YL + Melp =
x,8ln

QracXv = Ylac,glclec
QammXv = Yamm,gln len

4 [IZ?b] = (2= 1) Quav-Xv

1.5. Case 5

An UMM used to monitoring rAAV production [6] is the following
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dXy(t)

Franie px, Xv(t)
dGlc(t
dt( ) _ —HgeXv (1)
dGln(t
T() = —pcmXv(t)
dLac(t) ©)
T = ,uLacXV(t)
dAmm(t
T() = pammXv (t) + kaegGln(t)
dAAV (t
T() = paavXy(t)

This system represents the cell growth, uptake of substrates, metabolism, and pro-
duction process with six parameters: the specific cell growth rate (i, ), the specific rates
of uptake (consumption) of the main nutrients, glucose (yg;.) and glutamine (y:;,,), the
specific rates of production of the metabolite waste, lactate (y1,.) and ammonium (y ),
and specific rate of production of rAAV(y 4 4v). In the case of ammonium production, the
specific rates must consider the spontaneous glutamine degradation in the medium into am-
monium. This process follows first-order rate kinetics concerning glutamine concentration,
being k., the glutamine degradation constant.

2. Continuous-Discrete Extended Kalman Filter

The EKF can be implemented in Discrete-Discrete, and Continuous-Discrete versions
[7-9]. The most common version used in biomanufacturing for modeling nonlinear bio-
chemical dynamic pathways is Continuous-Discrete EKF (CD-EKF) [3,10-12] and we will
describe it here. The EKF requires a state-space model to perform estimation on the state
variables of a process (nonlinear system) present in a state variable vector /(t) [4,13,14]. A
state-space model consists of process and measurement (observation) models [15]. EKF
linearizes the nonlinear system (state-space model) by calculating the Jacobians of the
nonlinear process and measurement models based on the first-order Taylor series expansion
in order to analytically propagate the Gaussian random-variable representation [11,14,16].

Effectively, the nonlinear dynamics are approximated by a time-varying linear system,
and the linear Kalman filters equations are applied. Essentially, the mean (¢) and error
covariance matrix P(t) of the state variables in ¢(t) are recursively corrected. The EKF
recursively estimates the (posterior) mean § (#;/x) and error covariance matrix P(t; i) of the
state variables by combining the predicted (a priori) mean §(t,x_1) and error covariance
matrix P(t k1) with the current noisy measurement Z; [16].

Process Model: An UMM as described in the supplementary information Section 1
can be used as the process model of EKF. The state variables vector to be used by the EKF
is composed of the state variables of the UMM (observed and unobserved) and the state
variables vector is defined as:

P(t) = [x1,x2, .., xn]T. (6)

Subsequently, the process model is represented as

WO — o(p0),0) + wlt), 7)

where ¢ denotes non-linear functions of the state variables in 3 (t), which corresponds
to an UMM. The process model is formulated in a continuous time ¢ and the white process

noise vector is represented by w ~ N (0, Q), with zero mean and error covariance matrix
of process model represented by Q.
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Measurement Model: The measurement model is treated as a discrete system and
defined as

Zy = h(y(t)) +o. ®)

The non-linear function / in the measurement model relates the current state variables
to the measurements Z;. The white measurement noise vector is represented by v ~
N (0,R), with zero mean and measurement noise variance represented by R. When the
some state variables can be measured directly, we have a simple case and / can be a linear
model. If /1 is linear, we have h((t;)) = Hyp(t;) [3,4,11]. Where the matrix H is a linear
operator (row vector) that matches the states variables of 1 (f) to the measured variables
Z, that are obtained at a discrete instance k [3,11]. Consequently, the measurement model
(8) can be rewritten as

Z, = Hl[](tk) + 0. 9)

Probabilistic state-space models: The probabilistic process model approximated by EKF
is

POt —1)) ~ N(p(H)|p(p(t—1)),Q), (10)

where the non-linear functions ¢ are linearized as follows

P(p(t—1)) ~ p(P(t—1))+

11
I x (9t —1) — §(t — 1)) -

and ]f is the Jacobian matrix of ¢ evaluated at the prior mode [17,18],

) 29(p(1) .
J i lyp=i-1) 1

The probabilistic measurement model (measurement likelihood distribution) approxi-
mated by EKF is the following

p(Zilp(tc)) ~ N (Zi[h((t)), R) (13)

where the non-linear functions / are linearized as follows

(g (te)) = h((t))+

f ] (14)
Ji < ((te) — $(t)
and the ]ilk is the Jacobian matrix of / evaluated at the prior mode [17,18]
oh(y(t
i = (sl’( k))‘ A _ (15)
14 Y(O)=P(tr/x-1)
In this work, we will consider the case of & be linear. Then, we have
- 2012000 ST d 6
14 Y(H)=P(tk/k—1) ¥ Y(H)=P(tk/k—1)

and consequently

P(Zi|p(tr) = N (Ze[Hp(t) + H x ((t) — $(t)), R) (17)
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or
P(Zilp(te)) = N(Zi [ Hp (trjk—1) +H X (@ (teji—1) — $(trsk-1)),R). (18)

EKF algorithm: The EKF algorithm is implemented through the initial condition,
prediction step (time update) and correction step (measurement update) [3,4,11-13].

Initialization step: The initial condition are composed of the initial mean §, = E[¢,],
and initial error covariance matrix Py = P;;(t = 0) = E[(¢y — ) (¢ — $,)7] of state
variables vector [16].

Prediction step: In this step, the a priori predictions represented by the predicted mean
P (t/k—1) and predicted error covariance matrix P(t_1) of state variables vector $(t) are
obtained respectively by numerically integrating ¢(4p(t),t) from discrete time t;_1 to t; the
following equation

. . e 4

Blton) = ) + [ o) (19)
= P(tx-1)

and solving the matrix Riccati Differential equation (MRDE) for predict the state error

covariance matrix [7,19]

U _ ye(s) + ()" + Q 0)

from t;_; to t;, where a new measurement is obtained at time k [20], [7] and [21]. The

Equation 20 is basically a matrix of ODEs, and the matrix of ODEs solutions obtained from

fx_1 to t; represent each state error covariance of the system. See the MRDE represented

by Equation 37 and the respective solution represented by Matrix 40 in the Section 4 of
Supplementary Material.

Correction step: In this step, the results of the prediction step ( §(¢x/x_1) and P(tjk—1))
are combined with the measured value Z; and Kalman gain (Kj) to provide the estimated
mean §(ty ;) and estimated error covariance matrix P(t ) of state variables vector using
the following equations:

K = P(tg_1)H' (HP(ty_1)H" +R) ™ (21)
P(trsk) = P(tesk—1) + Ki(Zg — H (bjx-1)) (22)
P(tep) = (I = KeH)P(tpq) (23)

The Kalman gain is a scaling factor (ratio) to estimate the state variables by setting a
value between the predicted state and measured state [7,22]. The K} chooses a value along
the residual range (Zy - He (t;/x_1))[16,22]. K enables to set a value for $(t; ;) between
the ¢ (t;/x_1) (prediction) and Z; (measurement) using Equation 22, and update the belief
regards the state variables based on how certain we are regards the measurement using the
Equation 23, [22] (pages 137 and 209). The Kalman gain is computed as a ratio of prior and
measurement uncertainty available; see Equation 21. The one dimensional form Equation
21 is the following K = P/(P + R) [22]. It is important to point out that linear operator
H matches the states variables of 1 (f;) to the measured variables Z that are obtained at
a discrete instance. It is linear operator with zeros and ones. Where the elements ones
represent elements of the state variable vector that are measured. For example, if the state
variables vector has 3 variables and only the first one is measured, we have H =[100].

Using the estimated mean 9 (/) and estimated error covariance matrix P( ti|) state
variables vector as an initial condition, we can return to the prediction step until the next
measurement be obtained and everything repeated again.

2.1. Intuitions behind Kalman Gain and unshared parameters

Analyzing the Equation 21 is possible to have the following approximation [22,23]
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Process uncertainty (24)

Ky ~ ,
SyStem Uncertainty

and extract the following two interpretations [22]: First, When the Process uncertainty
is large (nominator in Equation 24), K is large and so the corrections (Equation 22) are almost
determined by the influence of the measured state variable. Since, K is multiplied by the
residual (Z; — Hp(tr/x_1))- So, a large K favors the measurement [24]; and Second, On the
other hand, if the Process uncertainty is very low, the correction step is almost the estimated
without influence of the measurement obtained. Since, K =~ 0 and §(t/x) = P(tx k1)
[23].

3. Analysis of Unstructured Mechanistic Models

3.1. Unshared and shared parameters

The UMM case 1.1 is the case of an ODE system with only unshared parameters.
On another hand, the UMM case 1.3 is a ODE system with only shared parameters. For
example, the k3 is used in different ODEs of this system. The UMM case 1.2 is a case of
system with unshared and shared parameters.

3.2. Weak and strong terms

The three UMM cases (1.1, 1.2 and 1.3) presented above are examples of ODE systems
with weak and strong terms. The UMM case 1.1 is example of ODE system with only
terms that could be considered weak, because they have low percentage of variables that
compose the state variable vector. For example, let assume the following state variable
vector () caset = [Xv, N, MP, pixy, N, fimp] With six elements for the UMM of case 1.1. We
have that all terms of this UMM has a 1/3 of the state variable vector. On another hand, the
UMM case 1.2 is example of ODE system with terms that could be considered weak and
strong. For example, let consider the following state variable vector for UMM case 1.2,

PYease2 = [Xo, fgr, X4, GLC,GLN,LAC, ASN, ASP, ALA, AMM, Mab, piyax, k31,kg]  (25)

we have that the first term of equation dﬁ” is the strongest term in this system, since

it has 7/14 of state variable vector, and the first term of the equation dA‘ft”b as the weakest

term, since it has 2/14 of state variable vector. In the context of JEKF, we have that a
strong term in an UMM contribute more than weak term to compute of predicted state

error covariance P(t;_1). Since, many elements of Jacobian Jf, results from the first-order
partial derivatives of strong term with respect to the variables of state variable vector ¢(t) .
For example, let consider the following:

e State variable vector y(t) = [x1, X2, X3, X4]

¢ An UMM composed of an ODE with a strong term by the function S(x1,x2,x3,x4) and
three ODEs composed of waek terms represented by the function Wy (x1), Wa(x2) and
Ws(x3).

¢  MRDE (Equation 20).

e P and Q uncorrelated for the i(t),

Py O 0 0 Q11 0 0 0
10 Pp O 0 . 0 Q22 0 0
P=10o 0 pms 0270 0 Q5 o (26)
0 0 0 P4/4 0 0 0 Q4,4

Given this we have the following Jacobian
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oS 95 95  9S
dJxq dxp dx3 x4

Jacobian(S, Wy, Wy, W3) = 361 W, @)
)
0 82 W3 0

and the following MRDE to compute the Predicted state error covariance P(f/x_1)
from t;_q to t,

aS IW; aS dS dS
Q1,1 + Z.Plll.m Plxl'Wll + Pz/z. P3’3. P4/4.

dL@ B Pl,l'aa% + PZ,Z-;?TSZ Q2.2 PZ,Z'%% 0 (28)
ar p3,3_§753 Pz,z-%% Q33 P?>,3-%¥33 .
Py 22 0 Ps,&%% Qua

Then, we can see that S contribute with 7 partial derivatives and the others functions
with 2 partial derivative only each one. If we consider the MRDE formed with P correlated,
we have S contributing with 32 partial derivatives and the others functions with 8 partial

derivative only each one. It is important point out that the element 0 in the MRDE (Equation

o _ APy, v (b
28) represents an time invariant ODE W

x4 and x, when solved from t;_1 to t;.

= 0 to predicts the covariance between

3.3. Weak and strong variables

The three UMM cases (1.1, 1.2 and 1.3) presented above are examples of the ODE
system with weak and strong variables. The variable MP in the UMM case 1.1 and Mab
in UMM case 1.2 are examples of weak variable. In these cases, the first-order partial
derivatives of all functions with respect to these two variables are equal to zero and this

reflects that the variable has a column with zeros in the jacobian Jf. On another hand, in
the UMM case 1.1 and 1.2, Xv is an example of strong variable.

3.4. MRDE to predict the state error covariance P(tyx_q) based on P and Q with uncorrelated
elements

For any UMM, the use of P and Q with uncorrelated elements in MRDE, means that
the predicted state error covariance P(tk|k_1) will be updated/calculated based only in

noise variance of P;; and Q;; and elements of Jacobian ](tp.

For example, let consider the following conditions:

e Thesetof functions f = [fy, f2, f3, fa, f5] and state variables vector ¢ (t)¢ = [x1, X2, X3, X4, X5].
* P and Q uncorrelated for the y(t)g,

©

o oo o;

(29)

ooofuoo
N
coc oo

e
s
U1
@)
o1
&

¢  The Jacobian,
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rofi 9fi 9fi 9fi 9fi]
Jx;  Ox dx dxg X
9 o oh 9h of
AR
: — 3 3 3 3

Jacobian(f) = e e g oo (30)
Ofs s s Ofa 3f4
9x;  ox dx oxy

oh op on on 9n
_ax1 8x2 aX3 8x4 aX5 .

Given these conditions and the Equation 20, we have the following MRDE to compute the
predicted state error covariance P(fy /1) from t;_; to fy,

_Q1,1+Z.%.P1,1 P 1af2+afl Py Ppy gﬁJrafl P33 P11§£‘i+g£ 44 P11. af5+8f1 P5,5_

4P (1) Pz/z.%; + gx]j.Plll sza}i-z 8£2 Py Prp gg +a£j[x3 P33 Pro g’i:; + %;i Py. g£5 —|— P5,5

= | Pan tan P Paagy sz Py Q3 +2.572.P5 Piag+ 5t P44 Ps3.2 o Bxs Ps5|.  (31)
P4,4~%+%-P1,1 Pyy. af2+af4 22 Py af3+af4 Qua+258.Py  Puy aﬁ+§£§ 5,5
_%,5-% + %Pl,l Psps. §£§ + a,i P, Psp. §£§ axfz Psj5 3§‘; }5 >Pyy Qs5+2. a£5 Pss |

Then, we have that each ODE of the P(t;,_1) is composed only of the elements of P; ;
and Q;; and elements of Jacobian(f). Furthermore, these ODEs can be time invariant, if
the partial derivative are zero. See the equation 28.

3.5. Only one variable measured
In the UMM case 1.2. For example, let consider the following state variable vector,

Yease2 = [Xo, fgr, X4, GLC,GLN,LAC, ASN, ASP, ALA, AMM, Mab, pimax, k31,kg]  (32)

To estimate the entire state variable vector is need to have the minimum of two
measurement, and an option is Xv and GLC. Since, the column regards X, in MRDE is
zero k31 ODE, but it is different of zero in GLC column.

4. Example of the Lemma: Inability to Update Kalman Gain for Unshared parameters

Lemma 1. The Kalman gain cannot be updated (by Eq 21) for an unshared parameter that is part of
a state variable vector and part of a weak term in an UMM, if the initial state error covariance matrix
P(t=0) and Q are formed by uncorrelated elements and there is only one state variable measured.

To illustrate this Lemma, we show that the Kalman gain value cannot be updated for
the unshared parameter y,,, of the UMM with weak terms presented in Case 1.1. Let’s
consider the following:

e  The state variables vector

w(t)casel = [XZ), N, MP, yuxy, UN, ,ump]‘ (33)

*  Xuvis the unique measured variableand H=[100000].

* Ras measurement noise variance of Xv.

*  ump the unshared parameter to be evolved (estimated) and that is related to a weak
term.

e P and Q with uncorrelated elements for the (t).45.1 (Equation 33),
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P O 0 0 0 0 Qi1 O 0 0 0 0
0 Py O 0 0 0 0 Qp O 0 0 0
P 0 0 P3 0 0 0 0 - 0 0 Q33 O 0 0
|10 0 0 Pga O o'~ | o0 0 0 Qssa O 0
0 0 0 0 Ps O 0 0 0 0 Qs5 O
0 0 0 0 0 Peg 0 0 0 0 0 Qep
(34)
e TheJacobian J?, (Equation 12) with the ¥(t)use1 (Equation 33),
uxo 0 0 Xo O 0
—-uny 0 0 0 —Xv O
Ji = 0O 00 O 0 0 (35)
0 00 O 0 0
0O 00 O 0 0
Given these conditions and the Equation 20, we have the following MRDE (based on
P with uncorrelated elements)
Ql,l +2.Pauxe —Piiun P1,1.]/lmp Py 4. X0 0 0
—P1,1.yN Q2/2 0 0 —P5,5.XU 0
dP(t) _ Pl,l-,ump 0 Q3’3 0 0 P6,6.XU _ (36)
dt P4,4.XZJ 0 0 Q4,4 0 0
0 —P5,5.X?J 0 0 Q5r5 0
0 0 P6,6.X’U 0 0 Q6,6
_P . Xp (E P, o (t P , U(t) le ’ v(t) T
%”() = Q11+ 2Py pxo N’f,ff( ) —Pripn dnses =0 dmpe L =0
nyfii?](t) = —Pi 1N PN,‘;\i(t = Q2 PI‘Néf(t) — —Ps5.Xv ym%tl;f(f) —0
Pxymp(t) Pyap(t) Puymp(t) Pyypmp(t)
dP(t) _ % = Pl,l-,ump PN];[tP t =0 pﬂNT =0 V;dit = P6,6.XU (37)
dt XU’VX'{;() — P4 X N’]"Xv() -0 HNH Xy o _ 0 i‘mpfﬂxv(t) =0
B 70 n ™ I Pupg () _
va/giv (t) - NJ;%V? :(t)_P5'5'XU ];N;;tN t): Qs P "'”P{;;Nt -9
I Xv,}‘lirzlp =0 N#;;p =0 }tN,;;tnp( =0 ilmp;;ltmp( ) _ Q6,6
Now, using this Equation 37 to compute the predicted state error covariance matrix
P(tx/k—1) (for the Case 1.1) from t;_; to t; with a initial predicted state error covariance
matrix P(t;_1) = P(t = 0) with uncorrelated elements as following
Px, x,(t =0) 0 0 0 0 0
0 Pyn(t=0) 0 0 0 0
P 0 0 PMp/Mp(t = 0) 0 0 0
P(t — 0) — 0 0 O Pﬂxv,}lxv (t — 0) O 0 7 (38)
0 0 0 0 Puy,un(t=0) 0
0 0 0 0 0 Pymp,ymp(t =0)

we have
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[ Px,,x, (tk/k—1)
Px,,N(tk/k-1)

Pump,x, (te/k—1)  Puyy Xo (te/k—1)  Punxo (B/k—1) Pryyx, (bryk—1) |

Py x, (tk/k—1)
PmpN(tksk-1)  Puy, N(tksk-1)  PugN(tese—1)  Puyp N (Be/i-1)

P N (te/k—1)

Pt 1) — Py, mp(tesk-1)  Pnmp(tiesk-1)  Pavpmp(tesi—1)  Pug,mp(tesi-1)  Puymp(tise—1)  Puyymp(tise—1) |
- Px,ux, (tesk=1) PNy, (Bsk—1) PPy, (Fe/k—1)  Puxyix, (k1) Punong, (e/k=1)  Ppux, (B/k—1)
Pxypn (tesk=1) Py (tkzk=1)  Prapyy (tesk=1)  Pusgn (Be/k=1)  Punou (k/k=1) Pug oy (b sk=1)
L Pty (b /k—1) PNy (Bzk—1) PPy (k1) Prusgy oy (e/k—1) Prigimp (/1) Prtp iy (F7x-1) |
(39)
Cov(Xy, Xy)  Cov(N,Xy) Cov(MP,Xy) Cov(px,, Xo) Cov(un,Xo)  Cov(pmp, Xo)
Cov(Xy,N)  Cov(N,N)  Cov(MP,N)  Cov(px, N)  Cov(un,N)  Cov(pmp,N)
P(t ) = Cov(Xy, MP)  Cov(N,MP) Cov(MP,MP) Cov(pux,, MP) Cov(un, MP) Cov(pimp, MP) (40)
k/k_l COU<XU’ Aqu;) COU(N’ ‘uXU) COU<MP’ I’le) COU(]’[XZ;’ ﬂXv) COU(P[N/ I’lxv) COU(‘umP/ VXU)
Cov(Xy, un) Cov(N,un) Cov(MP,un) Cov(px, un) Cov(un,pn)  Cov(pmp, in)
Cov(Xo, hmp)  Cov(N, pmp)  Cov(MP, pip)  Cov(px,, hmp) Cov(pun, mp)  Cov(mp, pmp)
Now, using P(t;/¢_1), H and R to compute the Kalman gain values for all variables in
the state variable vector, we have
-—PX%XU(tk/kfl) ] i PXv,Xy(tk/k—l) T r Px, X (Fe/k—1) 7
PXv,Xv (tk/k71)+R varxv (tk/k—l)+R PX'UrX,Z} (tk/l;(il):_R
KXU _Pxon(tesi-1) Py N (tksk—1) Py N (be/k—1
K Py, xp (tksk—1)+R Pxy xo (Fr/k—1) TR Py xo (byk_1)+R
X N % PXU,}\/EP(tk/k—)l) Px,mp (te/k—1)
_ T T -1 _ | BMP | _ | "XoXoltk/k-1 Pxy,xo (k-1 +R | _ | Py, xp (k1) TR
K = P(t—1)H" (HP(t—1)H" +R) Ku | ~ Py iy, (k/k-1 Py pux, () | = l)ngil)(( k(fk,;b
’ Py, xo (ti/k-1)+R Py xo (ti/e—1) TR Proxo (o 1) TR
II<<VN PXU,}LN(tk/k—l) PXv,]lN(tk/kfl) );Jzéiii]?/tllj/l:—)l)
Hmp PXU,XU (tk/kfl)""R PX'[;,XU (tk/k,1)+R PXv Xo (tk/k—1)+R
P imp (Be/k—1) ] 0
_PXy/Xv(tk/k71)+R_ _PX-y,XU(tk/kfl)J”R_ - -

(41)

H selected the first column of P(t;/,_1) since it is related to the measured value Xo.
However, in this column, we have that the predicted error covariance between X, and

t
Hmp is Zero, Cov(Xo,, ymp) = 0. Since the solution of X”’;i';’”() = 0 obtained from t;_1 to f;

is zero, and we have Px, ... (tk/k—1) = Pux, umy (tk—1) = Ppug, i, (t = 0) = 0. This means
that due to P(t=0) with uncorrelated elements the obtained solution is equal to the initial
condition. Then, we have the kalman gain value for the unshared parameter is zero, Ky, =
0, and consequently the predicted state error covariance Px, y,,, (tk/k—1) cannot be updated
in P(tx_1) by Eq 23. Since

Kxo-Px, x, (tk/k-1)
Kn.Px, x, (tk/k—-1)

Kinp-Px,, x, (tk/k—1)
Ky P, x, (e /k—1)
Ky -Px, x, (te/k—1)
K,y -Px, X, (te/k-1)

Py, x, (tk/k—1) —
va (tek—1) —
Py, mp(tk/k—1) —
v - @2

Py (Hi/i1) — (42)
Px, iy (tksk—1) —

P, iy (Fr/k-1) —
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Px, x, (tk/k—1) — Kxo-Px,,x, (tk/k—1)
Py, N(tk/k—1) — Kn PXU,Xv(tk/kfl)
o | Pxymp(tesk—1) — Kmp-Px, x, (tk/k—1) -
Pltig) = (1= KeH)P(t) = Px, ey (e /k—1) = Kpy Py 3, (b k-1) e | *3)
Px,un (te/k—1) — Ky P, x, (Fr/k—-1)
0—0.Px, x, (tk/k—1)

We have that Px, ., (tk/k) = P, (t/k-1) = 0, and as the Px, ,,,, (fr/x) = 0 have
to be used as a new initial condition for MRDE (Equation 37), we have Ky, , = 0 for
all PXv,ymp(tk/kfl) in P(t; k1) that are obtained from t;_; to t; using Equation 37 and
consequently no updates for Ky,,,, and Px, 4, (tk/k—1) -

5. Example of the Theorem (JEKF failure)

Theorem 1. The JEKF fails to estimate an unshared parameter (parameter evolution) that is part of
a state variable vector and part of a weak term in a UMM if the initial state error covariance matrix
P(t=0) and Q are composed of uncorrelated elements, and there is only one state variable measured.
This is because the Kalman gain value for the unshared parameter is equal to zero for all steps of
execution of the JEKF algorithm.

To illustrate this Theorem, we show the JEKF failure with the condition and results
used in the example 4 of the Lemma 1.
Then, let’s consider the following:

e the UMM of Case 1.1.
e H=[100000]and K; = [Kx,, Kn, Kyp, Ky, Ky, Kymp]T as obtained in the proof
of Lemma 1, where K;,,,, = 0.
e 7, as measured value of X, .
® li’(tk/k—l)cusel = [Xv/ N/ MP/ Uxov, UN, V;np]T‘
Now, using the Equation 22 to provide the estimated mean of the state variable vector
Iij(tk/k)caselr we have

li)(tk/k)casel = @(tk/k—l)casel =+ I<k(Zk - Hli’(tk/k—l)casel) (44)

XA.U Kx XU + KXU-(Zk — Xv)

N Ky N+ Kn.(Zy — Xp)

A MP Kyp MP+KMP (Zk Xv)
t = |77 |+ (2 — Xy) = 45
¢( k/k)casel 1o KHXU ( k U) VXv + KHX, (Zk _ Xv) ( )
l’[}\] KVN VN + K,”mp (Zk XU)
Pmp Kiimp Pmp +0

Then, we have the estimated mean § (#;/x)case1 Of the unshared parameter is equal to the
predicted mean § (¢ k_1)case1 Of unshared parameter for all step from ;1 to #;. In another
words, the JEKF failure to perform the parameter evolution, since pup (ti/x) = Pmp (te/k—1)
all step from f;_4 to t.

6. Related work: Approach KPH2

In this section, we describe the approach KPH2 [6] that can to side-step JEFK failure.
The authors did not give details about the approach, because the focus was to report
application developed to monitoring a rAAV production that is a new bioprocess. Basi-
cally, the KPH2 tries to prevent the Kalman gain value regards to an unshared parameter
from being zero. Because Kalman gain value equal to zero resulted from an low process
uncertainty would mean that the prediction regarding the unshared parameter is perfect
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and does not need the influence of the measurement in the correction step of JEKF since
there is no uncertainty in the prediction regarding the unshared parameter. This is an
unrealistic situation and therefore, there is the need to increase the Process uncertainty;,

Process i . .
K, ~ w to obtain |K| > 0 and enable the predicted unshared parameter to be
ystem Uncertainty

corrected by the influence of residual error in JEKF algorithm. The KPH2 approach tries to
fulfill this need by adding more information about the prior error covariances regard to
an unshared parameter in two update steps: i) in the Kalman gain computation (Equation
21) and ii) in the update of predicted state error covariance matrix (Equation 23) of EKF
algorithm. In the following, we describe the details of this.

The Process uncertainty (Equation 24) is only composed of prior error covariance
related to the measured state variable and this information is "incomplete" with regards
to unshared parameter, Cov(MSV,UP) = 0 in the initial condition P(t=0) and in the
predictions during the process of execution of JEKF algorithm. However, the prior error
covariances related to unshared parameter P; ;p(tx_1) are informations that are already
available in the P(t;;_1) and can be easily extracted from it. Then, an approach to increase
process uncertainty (in Equation 24) is to add the Prior error covariances of unshared
parameter P; ;7p(tc—1) to P(tk‘k_l)HT in Equation 21 as following. Given that P(tk‘k_l)HT
is a vector with prior error covariances of each state variable (SV) with measured state
variable (MSV)

Cov(SV;, MSV)
P(ty_1)H' = : , (46)
Coov(SVy, MSV)

and P; g p(tk‘ x_1) is also a vector with prior error covariances of each state variable
(SV) with all unshared parameter to be estimated

Coo(SV;, Yl UP)
Piup(tyr—1) = : / (47)
Cov(SVy, L UP;)

we have that the sum of P; ;7p(tx_1) and P(tk‘k,l)HT in the equation 21 is

Ki = (P(tpe—1)H" + Pi yp(te—q)) (HP(t_ ) H' +R) . (43)

Since, all information that we need to perform P (¢ JHT +P; p(tjk—1) are available
in P(#t_1), we can apply a specific linear operator H, (row vector) to P(t;_;) to extract
all information easily. We need only to defining H, with the state variable vector "position"
of MSV and UP. For example, if the position of MSV and UP in the state variable vector,
P(t) = [MSV, xp,x3, x4, UP], is 1st and 5th, we have Hy =[1 00 0 1]. Then, the final version
of the Equation 48 is

Ky = P(tgpe_1)H) (HP(t_1)H' +R) 7. (49)

In theory, this Equation 49 could prevent K = 0. However, in the case of too many
unshared parameters to be estimated, it can unbalance the ratio in the Equation 24, since
the Process uncertainty (PU) can become too large in relation to the System uncertainty
(SU) in the entire process of execution of JEKF algorithm. Then, to try to preserve a more
realistic ratio between PU and SU, the PU that compose the SU can be increased. Since
SU = PU + Measurement,ycertainty = HP(tg_1)H' + R [22]. Given this, an approach is
add the total sum of all prior error covariances of unshared parameters to be estimated
Pup, (tjk—1) to HP(tk‘k_l)HT that is part of the system uncertainty (Equation 49) as
following. Given that HP (¢, k_1)HT results in a scalar representing prior error variance of
MSV
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HP(t_1)H' = Coo(MSV,MSV), (50)

and Pyp,,, (tyx—1) is also a scalar, but representing the total sum of all prior error
covariances related with the unshared parameters to be estimated

n n n
PUp,,. (tk—1) = Cov(MSV, Y UP;) +) Cov(UP;, MSV +) UP), (51)
. > -

1

we have that the sum of Pyp, ,,, (t—1) and HP(tk‘k,l)HT in the equation 49 is

Ki = (P(ty_1)H" + Py yp(ter—1)) (HP(tg_)H + Pup, (1) +R) 7 (52)

Since all information that we need to perform the sum of Pyp, , , (t5x—1) and HP (x4 JHT
are available in P(f;_;). We can apply a specific linear operator Hy to P(#;;_;) to extract
all information easily. Then, the final version of the Equation 52 is

Ky = P(tp—1)H; (HoP(tp_1)Hy +R) L (53)

The Equation 53 tries to preserve a more realistic ratio between PU and SU by increas-
ing the PU that compose the SU. However, if the kalman gain continue being small, the
P(tx—1) could be updated slowly by the Equation 23. Because KyHP(t;;_1) is the factor
that update P(tk‘ x—1) and it is totally dependent of K, as we can see in

Cov(MSV,S5V;).Ky,...,Cov(MSV,SV,).Ky,
KHP (tyx—1) = : : (54)
Cov(MSV,5V1).Ky, ..., Cov(MSV,SV,).K,,

Them, an artefact to avoid a possible slow update of P(tk‘ x—1) can be to add the Prior error
covariance related to unshared parameter P; 1p (tx_1) to the KyHP(#;_1) in the Equation
23 as the following way

(Coo(MSV, SV;) + Coo(¥ UP, SV;)).Ky, ..., (Coo(MSV, SV,) + Cou(¥) UP;, SV;,)) Ky,
KiHoP (t—1) = : (55)
(Cov(MSV,SVy) + Cov(L UP;, SV;)) Ky, ..., (Cov(MSV, SVy,) + Cou(L: UP;, SVy)).Ky,

P(tip) = (I— KeHa)P(frp—1), (56)

where Hj is the same linear operator used in Equation 53 .
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7. Empirical Evaluation - Extension
7.1. Synthetic dataset development - mAb production

The Synthetic dataset (SD) is composed of two runs (A-SD, and B-SD). The runs have
different samples regarding the state variables Xv, GLC, GLN, LAC, AMM, and mAb and
were generated using the UMM case 1.4 with three set of different parameters. These
parameters are presented in the Table S1.
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Table S1. Parameters used in UMM case 1.4 to generate the runs A-SD, and B-SD of Synthetic Dataset

(SD).
Parameter Name run A-SD run B-SD
Hmax(h™) Maximum growth rate 5.8x1072 7.5%x1072
kgic(mM) Monod constant glucose 7.5x1071 7.5x107!
kg1 (mM) Monod constant glutamine 7.5x1072 7.5x1072
ki1ge(mM) Monod constant lactate for inhibition 1.72x10? 1.72 x10?
k tamm (mM) Monod constant ammonium for inhibition 2.85x10! 2.85x10!
Hamax(h™) Maximum death rate 3.0x1072  3.0x1072
K gym (mM) Monod constant ammonium for death 1.76 1.76
Kiysis(h™) Breakdown of cell membranes 551x1072  551x1072
Yx gic(cells mmol ™) Yield coefficient cell conc./glucose 1.06x 108 1.06x 108
Mgy (mmol /cells h) Glucose maintenance coefficient 4.85x10714  4.85x10714
Yx qin (cells/mmmol)  Yield coefficient cell conc./glutamine 5.57x10% 5.57x108
a1 (mmols cells~ h™)  Coefficient for gy, 3.40x10713 3.40x10°13
ay(mM) Coefficient for mgy, 4.0 4.0
kagin(h™) Monod constant glutamine for death 9.6x1073 9.6x1073
Yiae/gle(1) Yield coefficient lactate/glucose 1.4 1.4
Yamm/gin(1) Yield coefficient ammonium/glutamine 427x1071  4.27x1071
% constant parameter 427x1071  4.27x10°!
Qumap(mg cells~ h™)  mAb specific production rate 721x107°  9.21x107°

Table S2. Initial conditions of state variables of UMM case 1.4 for the JEKF test with Synthetic Dataset.

State Variable Name Value

Xv Viable cells density 2 x 108 ¢/mL

Xt total cells density 2 x 108 ¢/mL

GLC Glucose 29.1 mM

GLN Glutamine 4.9 mM

LAC Lactate 0 mM

AMM Ammonium 0.31 mM

mADb Monoclonal Antibody (titer) 80.6 mg/L

QmAb Specific production rate of mAb  7.21 x10~ mg cells~1h~!
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7.2. Real dataset development - rAAV production
The details of Real dataset (RD) can be found in [6].

7.3. NSEs (JEKF-classic, [JEKF-SANTO and [EKF-KPH2) design to address RQ1-G1 and RQ2-G2

The process model (based on UMM case 1.4) and joint state variable vector used by
JEKF-Classic, JEKF-SANTO and JEKF-KPH2 are the following;:

Y (t)cases = [Xv, Xi, GLC,GLN, LAC, AMM, mAb, QmAb]T, (57)
and
T Xy ] .
X; fXV
GLC ]J:GLC
d | GLN GLN
ﬁ LAC = fLAC + w(t) (58)
AMM famm
mAb fmAb
| QmAD] L 0

The standard and specific P(t=0) that were used with run B of Synthetic Dataset to
address the RQ1-G1 and RQ2-G2 are in Tables S3, S4, and S5.

In regards to the run B-SD, the standard P(t=0) for the NSEs were obtained follow-
ing P(t = 0) = diag((¢case4(t = 0) - ¢case4(t = O))(¢case4(t = 0) - II'}case4(t = O))T)
as done in [4,6]. Then, we have Pomab,omab = (921 x 1072 — 07.21 x 107%)2 = 3.9 x
10718 (g cells~'h~1)?, see Table S3. Since Px, omab is a off-diagonal element, we defined it
as 1/4 of Pomab,omab (g cells th™1)2. Then, Py qmap = (3.9 x 10718)/4 =9.99 x 10~
(c?/mL2)(g cells~'h~1). On the other hand, the specific P(t=0) for the NSEs were obtained
by trial and error. Furthermore, the R and Q used by the NSEs (for runs B of Synthetic
Dataset) are presented in Tables 56 and S7. It is important point out that all NSEs used
a standard and specific Q that were obtained by by trial and error until achieve positive
results in the Innovation Magnitude Bound Test and the Normalised Innovations Squared
Chi-square Test.
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Table S3. Standard initial state error covariance matrix (standard P(t=0)) for JEKF-Classic, JEKF-KPH2
and JEKF-SANTO with run B of Synthetic Dataset.

Parameter Name P; ; for JEKF-Classic P; ; for JEKF-SANTO in
and JEKF-KPH2 in MRDE-PC and
MRDE-PC and MRDE-PU MRDE-PU

Py, x, (c2/mL?) Viable cells 0.00 0.00

PGLC,GLC (mMz) Glucose 0.00 0.00

Paincin (mM?) Glutamine 0.00 0.00

PLAC,LAC (mMZ) Lactate 0.00 0.00

Pavm,amm (mM?) Ammonium 0.00 0.00

Prabmab (mg/L)? Monoclonal Antibody (titer) 0.00 0.00

POomAb,OmaAb (8 cells—th=1)2 Specific production rate of mAb  3.9e-18 3.9e-18

Py, omab (c2/mL?)(g cells *h~!)  Initial Cov(X,, QmADb) 0.0 9.99¢e-19

Table S4. Specific initial state error covariance matrix (specific P(t=0)) for JEKF-KPH2 with run B of

Synthetic Dataset.

Parameter Name Value in MRDE-PC Value in MRDE-PU
Px, x, (c2/mL?) Viable cells 0.00 0.00

Pcrccre (mM?) Glucose 0.00 0.00

PGLN,GLN (l’an) Glutamine 0.00 0.00

PLacrac (mM?) Lactate 0.00 0.00

Pavm amm (mM?) Ammonium 0.00 0.00

PmAbmab (Mg/ L)? Monoclonal Antibody (titer) 0.00 0.00

Pomab,omab (g cellsTh™1)?  Specific production rate of mAb ~ 12.21e-1 11.97e-2

Table S5. Specific initial state error covariance matrix (specific P(t=0)) for JEKF-SANTO with run B of

Synthetic Dataset.

Parameter Name Value in MRDE-PC Value in MRDE-PU
Py, x, (c/mL?) Cov(xy, x) 0.00 0.00

PGLC,GLC (mMZ) Glucose 0.00 0.00

Poingin (mM?) Glutamine 0.00 0.00

Pracrac (mM?) Lactate 0.00 0.00

PAMM,AMM (mMz) Ammonium 0.00 0.00

Prabmab (mg/L)? Monoclonal Antibody (titer) 0.00 0.00

Pomab,omab (g cells Th™1)? Specific production rate of mAb  3.9e-18 3.9¢-18

Py, omab (¢2/mL?)(g cells"*h™!)  Initial Cov(Xy, QmAD) 0.754 0.1445
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Table S6. Measurement noise variance R and error covariance matrix of process model (Q) for the
JEKF-Classic, JEKF-SANTO and JEKF-KPH2 with run B of Synthetic Dataset using MRDE-PC.

Standard Q Specific Q

JEKF-Classic,
JEKF-SANTO,

and JEKF-KPH2 JEKF-SANTO JEKF-KPH2

Parameter Name values with values with values with
MRDE-PCand  MRDE-PC and MRDE-PC with
standard P(0) specific P(0) specific P(0)
R? (c?/mlL?) Viable cells MNV ! (20x 107)? (20x 107)? (20x 107)?
Qx, x, (c?/mL?) Viable cells PNV 2 (90x 100)2 (90x 106)2 (90x 100)2
Qx, x, (c2/mL2) Viable cells PNV 2 0.001 0.001 0.001
Qcrccrc (mM?) Glucose PNV 0.001 0.001 0.001
QqLN,GLN MM? Glutamine PNV 0.001 0.001 0.001
Qracrac (mM?) Lactate PNV 0.001 0.001 0.001
Qamm amm (mM?) Ammonium PNV 0.001 0.001 0.001
Qmabmab (VG2/mL?)  Monoclonal Antibody (titer) PNV 0.001 1.7 0.001
Qomab,omab (h™2) Specific production rate of mAb (1x 10%)? 1x 10° (1x 108)?

1 MNV—measurement noise value; 2 PNV—process noise value.

Table S7. Measurement noise variance R and error covariance matrix of process model (Q) for the
JEKF-Classic, JEKF-SANTO and JEKF-KPH2 with run B of Synthetic Dataset using MRDE-PU.

Standard Q Specific Q

JEKF-Classic,
JEKF-SANTO,

and JEKF-KPH2 JEKF-SANTO JEKF-KPH2

Parameter Name values with values with values with
MRDE-PUand MRDE-PU and MRDE-PU with
standard P(0) specific P(0) specific P(0)
R? (¢?/mL?) Viable cells MNV ! (20x 107)2 (20x 107)2 (20x 107)2
Qx, x, (c2/mL?) Viable cells PNV 2 (20x 10°)? (20 10°)? (20x 10°)?
Qx, x, (c/mL?) Viable cells PNV 2 0.001 0.001 0.001
Qcrccre (mM?) Glucose PNV 0.001 0.001 0.001
Qcrn LN mM? Glutamine PNV 0.001 0.001 0.001
Qracrac (mM?) Lactate PNV 0.001 0.001 0.001
Qavm amm (mM?) Ammonium PNV 0.001 0.001 0.001
Qmabmab (VG?/mL?)  Monoclonal Antibody (titer) PNV~ 1.04 1.7 20300.9
QomAb,QmAb (h=2) Specific production rate of mAb 17x 10~15 1x 10° 0.001

1 MNV—measurement noise value; 2 PNV—process noise value.
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Figure S1. Innovation Magnitude Bound Test using the run B of Synthetic dataset for the NSEs with
MRDE-PU and specific Q and P(0).
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Figure S2. Innovation Magnitude Bound Test using the run B of Synthetic dataset for the NSEs with
MRDE-PC and standard Q and P(0).
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Figure S3. Innovation Magnitude Bound Test using the run B of Synthetic dataset for the NSEs with
MRDE-PU and standard Q and P(0).
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Figure S4. Standard Error of Xy at each k estimated by NSEs with Synthetic Dataset using MRDE-PU

and specific P(0).
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Figure S5. Standard Error of QmAb at each k estimated by NSEs with Synthetic Dataset using
MRDE-PC and specific P(0).
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Figure S6. Standard Error of QmAb at each k estimated by NSEs with Synthetic Dataset using
MRDE-PU and specific P(0).
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Figure S7. Standard Error of mAb at each k estimated by NSEs with Synthetic Dataset using MRDE-
PC and specific P(0).
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Figure S8. Standard Error of mAb at each k estimated by NSEs with Synthetic Dataset using MRDE-
PU and specific P(0).
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7.4. NSEs (JEKF-SANTO and JEKF-KPH?2) design to address RQ3-G2

The process model (based on UMM of Section 1.5) and joint state variable vector used
by JEKF-SANTO and JEKF-KPH2 to address the RQ3-G2 are the following:

(t) = [Xo, GLC,GLN,LAC, AMM, AAV, ix,, UGic: HGins HLacs HAmm: Kaegs Haav]”- (59)

and
WO _ op0)0) + wit), (60
[ Xv ] [ ux, Xv
Gle —pa1eXv
Gln _‘uGlnXV
Lac VLacXV
Amm VAmmXV + kdegGll’l
d AAV yAAVXV
- | Mx, | = 0 + w(t). (61)
dt
e 0
HGin 0
HLac 0
HAmm 0
Kieg 0
L HAAV | L 0 ]

The specific P(t=0) that was used by the NSEs to address the RQ3-G2 are in Table S10.
The specific P(t=0) for JEKF-KPH2 with MRDE-PC and specific Q come from article of
Iglesias et al [6]. Furthermore, the R, and standard and specific Q used by the NSEs are
presented in Table S11.
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Table S8. Initial conditions of state variables of UMM case 1.5 for the JEKF-SANTO and JEKF-KPH2
test with run B-RD (Source [6]).

State Variable Name run B-RD

Xv Viable cells 1.0011 x 10° ¢/mL
GLC Glucose 26.7039 mM

GLN Glutamine 4.0310 mM

LAC Lactate 7.4385 mM

AMM Ammonium 1.5678 mM

rAAV rAAV viral titer 0VG/mL

Table S9. Initial parameters obtained with A-RD for the JEKF-SANTO and JEKF-KPH2 test with run
B-RD (Source [6]).

State Variable run B-RD
pxo (h71) 0.006
pigrc (mmol 10~6c h™1) 1.01e-7
porn (mmol 1076ch™1)  2.12¢-8
prac (mmol 1076ch~1)  2.58571e-8
papm (mmol 1076ch~1)  1.47905e-9
keg (h1) 0.0014591
paay (10° vg/mL h 10°)  65.6

Table S10. Specific initial state error covariance matrix (specific P(t=0)) for for the JEKF-Classic,
JEKF-SANTO and JEKF-KPH2 with Real Dataset (run B) using MRDE-PC.

Parameter Initial error JEKF-Classic JEKF-SANTO JEKF-KPH2
Covariance

Py, x, (c?/mL?) Cov(Xy, Xp) 0.00 0.00 0.00

Pgrccrc (mM?) Cov(GLC,GLC) 0.00 0.00 0.00

PornGin (mM?) Cov(GLN GLN) 0.00 0.00 0.00

PLAC,LAC (mMZ) U(LAC, LAC) 0.00 0.00 0.00

Panvv,amm (mM?) Cov(AMM, AMM) 0.00 0.00 0.00

Piaavraay (VG?/mL2) Cou(rAAV,rAAV)  0.00 0.00 0.00

Pyuyoixe (H72) Cov(pxo, hxo) 177 x107° 177 x 107° 1.77 x 107?

Pyucicncic (mmol 10712¢ h=2) Cov(pgLc, HarLe) 476x 107> 476 x 107° 10.66 x 107°
wciniciy (mmol 10712¢ h=2) Cov(pgin, porn) 105 x 107> 1.05 x 107> 1.05 x 107>

Py pciine (mmol 10712¢ h=2) cOv(yLAC, Hrac) 35.59x 1077 3559 x 1077 550.59 x 1078

Py jinpiann (mmol 10712 h=2)  Cov(pamm, pamm) 671 x 10710 671 x 10710 671 x 10710

Progkaes (%) Cov(kdeg,kdeg) 871 x107% 871 x1078 8.71 x 1078

Py s irany (082/mL2 B2 10'2¢)  Cov(praav, Hraav) 42000 42000 10000

Px, ucyc (¢/mL)(mM) Cov(Xy, poLc) 0.00 0.000006751 0.00

Py, ac (¢/mL)(mM) Cov(Xy, pirac) 0.00 0.0000072505  0.00

Pxy iy aay (€/mL)(VG/mL) Cov(Xy, fraav) 0.00 9500.3625 0.00
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Table S11. Measurement noise variance R, and error covariance matrix of process model Q; ; for the
JEKF-Classic, JEKF-SANTO and JEKF-KPH2 with Real Dataset (run B) using MRDE-PC.

Parameter Name JEKF-Classic JEKF-SANTO JEKF-KPH2
R (c?/mL?) Viable cells MNV 1 130 x 10° 130 x 10° 130 x 10°
Qx, x, (2/mL?) Viable cells PNV 2 50 x 10° 50 x 10° 50 x 10°
Qcrccrc (mM?) Glucose PNV 0.0006 0.0006 0.0006
QqLN,GLN MM? Glutamine PNV 0.0006 0.0006 0.0006
Qrac,Lac (mM?) Lactate PNV 0.0006 0.0006 0.0006
Qamm,ammM (mM?) Ammonium PNV 0.0006 0.0006 0.0006
Qraavraav (VG?/ml2) AAV viral titer PNV 0.0006 0.0006 0.0006
Quxy i, (172 pux, PNV 177 x 1077 177 x 1077 1.77 x 1077
neropore (mmol 10712¢ h=2) grc PNV 021 x 107 021 x10°1 021 x 1071
Quornpory (mmol 10712¢ h=2) gy PNV 7.86 x 10718 786 x 10718 786 x 10718
Quiscpiiac (mmol 10712¢ h=2) purac PNV 1359 x 1077 1359 x 1077 13.59 x 107
sammtiamy (mmol 1072¢ h=2) g PNV 011 x10°%  0.11x10°8 0.11 x 108
Qkgogkaeg (1~ kjeg PNV 071 x 1078 0.71 x 10~8 0.71 x 10~8
toanvtisany (082/mL2h210'2¢)  ppay PNV 0.31 0.31 0.31

I MNV—measurement noise value; > PNV—process noise value.
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Figure S9. Standard Error of GLC at each k estimated by NSEs with Real Dataset using MRDE-PC

and specific P(0).
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Figure S10. Standard Error of LAC at each k estimated by NSEs with Real Dataset using MRDE-PC
and specific P(0).
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Figure S11. Standard Error of rAAV at each k estimated by NSEs with Real Dataset using MRDE-PC
and specific P(0).
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Figure S12. Standard Error of #GLC at each k estimated by NSEs with Real Dataset using MRDE-PC
and specific P(0).
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Figure S13. Standard Error of L AC at each k estimated by NSEs with Real Dataset using MRDE-PC
and specific P(0).
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Figure S14. Standard Error of juir AAV at each k estimated by NSEs with Real Dataset using MRDE-PC
and specific P(0).
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7.5. Results with synthetic dataset

In Figures 515, and 516, we can see the estimations of JEKF-SANTO and JEKF-KPH2
with run B-SD with standard P(t=0). This show that they are sensible to P(t=0) because the
best results were obtained with specific P(t=0) (results in main text).
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Figure S15. The JEKF-SANTO and JEKF-KPH2 avoid the JEKF failure in B-SD, but they need an
specific P(t = 0). First, plot A shows the estimations regards Xv, and all estimations were close the
ground truth. The plots B and C show the estimations regards the unshared parameter QmAb and
mAD (titer) far from the ground truth, respectively. The NSEs were executed with MRDE-PC and
standard P(t = 0).
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Figure S16. The JEKF-SANTO and JEKF-KPH2 avoid the JEKF failure in B-SD, but they need an
specific P(t = 0). First, plot A shows the estimations regards Xv, and all estimations were close the
ground truth. The plots B and C show the estimations regards the unshared parameter QmAb and
mAD (titer) far from the ground truth, respectively. The NSEs were executed with MRDE-PU and
standard P(t = 0).

Table S12. RMSPE between NSEs estimations about mAb and ground truth of run B in synthetic
dataset with standard P(t=0).

NSE RMSPE (MRDE-PU) RMSPE (MRDE-PC)
JEKF-SANTO  18.80% 18.65%
JEKF-KPH2 18.80% 18.65%

JEKF-Classic ~ 18.80% 18.65%
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7.6. Codes and datasets availability

All source codes and datasets used in this work can be found in GitHub: https:

/ /github.com/ cristovaoiglesias/JEKF-SANTO.
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