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Mechanistic modeling for cell culture process of trastuzumab and
intelligent algorithm comparison
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Abstract: Mechanistic modeling, which describes cellular metabolic behavior through mathematical
equations, is an important theoretical tool for optimizing and predicting biological processes. In this study, a cell
culture mechanistic model for biosimilar trastuzumab was constructed based on the Monod growth metabolism
model. To address the high complexity of differential equation parameter fitting and the tendency to fall into local
optima, particle swarm optimization (PSO), grey wolf optimization (GWO), and differential evolution (DE)
algorithms were introduced for model parameter fitting. The results show that GWO outperforms the others in
global search capability and fitting accuracy, demonstrating higher stability and adaptability in handling multi-
parameter fitting problems. Furthermore, improvements were made to the position and velocity update methods of
the GWO algorithm. The improved grey wolf optimization (IGWO) significantly enhanced the model's predictive
ability, enabling accurate predictions of cell density, metabolite concentration, and antibody titer. This study
provides important theoretical support for improving the production efficiency of biopharmaceuticals, reducing
development costs, and optimizing cell culture processes.

Key words: cell culture; monoclonal antibody; trastuzumab; mechanistic modeling; intelligent algorithm

AR FH: 2025-01-20; &[] H #A: 2025-04-30.

FEGTUE Wi AR SR TERI (2023C03116).
*EIAE Tel: 86-571-88208428, E-mail: quhb@zju.edu.cn
DOI: 10.16438/7.0513-4870.2025-0071



ESCEA W Z R P HTANR SR R AR T ST S R R ST B - 2789 -

W 7L B D A i 2 AR 7 2 R AR P 24 (N B 2H B
250 R FRE AR R R TE 1, iR T B
I BB (0 N-BE SR AL, FERA R 2 E 5T IR
Pr& S, iz R R P — R m AR R EK
-5 4K-2 (human epidermal growth factor receptor 2,
HER?2) (¥ 5 20 DNA fiT 4 N J5AG 5 s B ik . il 2 2k
BPUE B PR 2 AR, T2 B ] T HER2
I 4= 7L e 5 0 VR T 0 T 22 R BT VR S VR 3
4 % I 245 20 T R, 1998 4F B K HH FDA Lt 11T,
T O RFRYT . 2019 4, k2R VTV A BRAE B AL
60123 7, HRAETT [ F 7353 T 2014 F12019 £F 7£ KK
M5 R EBHY, M5, dhZ 2R iR I
R T IR K R, ARV RALZ R AR I 1 A
MZHETT NS CMMERN S ELD &G E B
WIS, Gn ] — 20 B A AR AR R A R R
W DAHRE T 7= i it 5, e o Y e R S R s AR
TR I 7 A 43 4TS R A AR i 1 R AR O AR R

FE R HGE M B 7% 20T Kb, S5kt (design of
experiments, DoE) /7 %4 2 H THRE L E S5,
SR, DoE JjiAAEE B W ) RIBR 14 . 15, DoE J7 75
PR B SEIR I E, BN K& WA 5 B, AR
™ UK, DoE J7 32 B8 ey AR 2 (8] 1) 48 v S Bk, i %)
o o 5 TR AR ML ER B Z IR N BR R, B RER
200 S5 A R 3G B PR R, HME DUSE B A R A AP
ULk, B B 5T R AR L3S N, DoB J7iAAE 2 A8 &
ARy 4 2 ) e PR S HME R — A2 0, PR T A
AW HI 25 T2 FF R A R B Y 24517
b PR A R, BT ML ER 1) 4 PR s R A A 04K 57 B it
FUHE HIOVE o WLEE A AL I8 i 2505 7 R A A AR 4T
9, R AR AR R T AR T AR AN R A A G
B, AR RS R R AL T R R IR B AR R ML
PRAEAL, B FCN D3 A] DAFSOIAS [3] 2% A T 40 i 1) AR i
T, itk T2 2%, 514551 DoE J7 A0 L, #L B
RUAAN 0% & 25 k2 S 00 B, b REAE 2 8 e 4R
[ o R B IR AR B B A AT N, N T2 AAC SR B
FEHER 4R Y @ 45 & BAR R 40 R 5 IR AR A X
TESH, B Ge i 10U 2 FlIg fE AR 5, SCRR
5 SR AT AN T H ) T 5 Ak, 5 BT R e AU ik
RAETZE AW, BE R MR T R
ANWr e P HLEE R OO 4 R R IR L2 R TP
A EGR ) TR, D de B S B SR S A 2 ) A
A ERAE T EEE RIS S SRR

ZHATHEM I FR PR R B E ¥
EREOE TR AR BTN R . HLIEAR Y@ B
KEAEL M Hg & M7 R ik, HSH 2 E AR

O 28 55 % FRE T HG 0T k3 3G It X A4S S HOR iR
BN — A BAT v B 2R R A AR A 1) R T R
SR A IR SO SRR v B A 2 A A
GEALA T L (Wkh B2 T Bk ) EORAE AL B A B /N 1
Ira] 23 I R 8% HAT — € Bk, HL7E e 4R R 52 2 40 )
TR I B RN T AT A AR A AR 1
Ty BN JR) F8 S5 A e, [ IS E A o 250 ) AT A 2 SR AR
SR, X A SRAEVE 2 AW 3) )% F G P AR AR HE DL
Ao AR R Bk, B AE R A SR B B AR
W BT O A I B B A, BRI T — P R
I e A SR A . X E R AR AN R R
RE 77 RS K VD3 2P, R5 & & T i v 4E R 2R VR AR
e, £ B4R KRGS Hh v T R I B 1
FER UG TH T 1R XS R 4 ARG 0] R B AS A2
3 U R T ORE B SZ B . AR AT SR R TR AR AL R
1% (particle swarm optimization, PSO). % 43 i3k b 5 7%
(differential evolution, DE). K R {It ft 5. 7% (grey wolf
optimizer, GWO) HEAT S H i it I ek i AR 5%
(improved grey wolf optimizer, IGWO) 5| A 41 g £ 3%
A, I B A A E 5 3 4E AT S SRR R T S b
RO, Nl ok 2228 5o i A B I 0 A0 R SR AL 1
Jiie

MRS HEE

AT 2R B BRI A
PR\ BRI . K5 77 2 B 35 CD1005-N-1 4R K7 77 3 |
CD1005-N 37 77 5, DA K& #h k)% 7% 2k CD1005-A il
CD1005-B, T35 75 il o0 ¥ S Wi 8 2 Bi 2B P i) £
L%, BAR R 4y R A . SIGMA & B 5 % ) -
SIGMA Ji & [ ¥ (1% [E Merck KGaA 4£ [, #it 5 43 5
4 RNBL3669. SLCL2409); + — /K & B R A 4 &
o KR — A VA B E R (LB E 2
A WA H R A A, S 2 o 20220514,
20231013.20221220.20220908.20220915); £ R (i &5
IR REI 25 A R A =, 45 2 000420220701)

SIS EE  BioCore QC & 3 4l il 4= W) S o7 4% 3%
3 (B YR R 2 7)); M-900 Plus 2 fitd 5%
FRAEA A RIS /R 2R A R4 |]); TDSA-WS
£ AU K28 5 B Ol GO R I A S B = AR T R
PR 2 &]); Countstar BioTech H 3 40 il 1 304X (L&
FRAEVIRI A IR A A]); (i (PORPS 20A, 2.1 mmx
30 mm, 3£ [E Thermo A #]); Agilent 1200/1260 ¥ #H &
A (B E 2R ARA ).

WS 7 (EAME IR R R B, Sl
R AN MR (192 B8 250 T & 1) CHO-K 1 41 il 5R) A



- 2790 - 22224 Acta Pharmaceutica Sinica 2025, 60(9): 2788-2797

WA VR, FE LGS R % (2T 0.4x10°~
0.6x10° /™41 fifg) #2270 2 CD1005-N-1 01 77 3 b,
REEFR AR £ 2 W G HEATY 1, 38 )5 M4t w4k f%ﬁ
MR BFRIES, BRENE TR RERIRA
(37 °C, 5.0% CO,, 80% i [, 125 rmin’, #& K B 1
50 cm). BRI RS IR My B4 ORI B 44 B = T 4 M A AR
2.0x10°~3.0x10°4

MHAEEE SRl ZERANMAE 3.0 L BEFS AR e B
rhRESR, WA TAEAAN 1.0 L, FERL 11 B4R HL 3 ph
BN, WGP BN ST 1.0x10°~1.5%10°4>
B R B e N ARG IR AR R, IR R 4 R A
35 °C, Vi iR %8 (dissolved oxygen, DO) 4EFF1E 40% )45
AN K, BB 9 250 rmin” . pH E T =
A AR B PR RN B TR BN TR VRO R, TE RS R IR T R
(D0~D7), pH & & Fl 5 6.90 £ 0.30; M 2 8~16 K
(D8~D16), pH {H 7t [ 14 % 4 6.80 + 0.20. #M R 5
CD1005-A 5 755 .CD1005-B #5557 3L LL K K 1 N 40%
(1) 5 % ¥E (glucose, Glc) & - H 1, CD1005-A Fl
CD1005-B 35 7 L AE G R 1055 2.4.6.8.10. 12 F1 14 K
1001 AR R LE AP 72 Gl ¥ 70 U AR 4 75 SR 5 i LA 4
FFEHARIKEE

FUNE EBEANMRAEKERSES, H
SE I [A]3E 1 B 2 BURE #5 BORE — ¢, BURE AT R 77 10 mL
B b DUORAIE BURE 357 50 1%, 7EBURE J5 2 h g AT MRHEAE,
I E B 4n K oE E O e T 4 L % B (viable cell
density, Ved) F12H M A7 35 26, kI 75700 6 By i G4 4
(A0 PR - & I IR R B 1 12 I EEBNR &), A
FESEURE 3 R GBI . FEMZ B CFLEL 1 000 rmin™
B0 5 min J5, A 25 pm JES AT I BE, R 0 RiE
TR T 4 i R 3R AR A AT A E Gley AR (lactate,
Lac)- & (ammonia, Amm). % Z I & (glutamine, Gln)-
BRI (glutamate, Glu) 4= AR 5 B4k .

TAEME PR B AL A A (il vk kAT I =,
BB RS A ARSI B Shr ki 2815 Wish
AH Az o BIFREL KBRS 8N 15.6 g AL 17.5 g,
BN 2 000 mL 4fi 467K, iR g, H 10 mol- L™ & %1k
B pH AE 2 7.0, £ 0.22 um JE L UE 5 8 75 RIS 5
AHA. FiahAHB: FREUH 2R 7.5 ¢, A 1 000 mL 4fi{k,
IR FE VR, F 6 mol- L' B VA% pH £ 2.5, 22 0.22 um
FERET BE 5 S B SR s M B. S LA AR shAE A
T FE AR N 4.2.1.0.5.0.25.0.125 mg-mL", i 6 & kx
7 T2, PR AIE A 0 AR ot 1 A I 12% 6 4 7 A oA il 2R 11
WREETEFE A, e L1 mg-mL ! fRFRUE 2R 1E 9 R S odE
FHPE VW o 4 A5 o T VR B KT 5 VR 2R T 9 Bl 1) e v
AU TR R B A 5 R BTG, 10 AR

FEEUN, A3 T TR VA B AE D7 R I 2R TR 36 BRI, D)
TR MRS 0.22 um BERR AT IS E . FEA A
I B2 B E A 8 °C, KRR ¥ € A 30 °C, it W E A
3.0 mL-min™, FEFER A 20 pL, 3K % E N 280 nm,
147 I (8] 15 5E 24 3 min, 1247 I [8] 73 51 24 0.0.05.0.51
1.50.1.51.3.00 min i, FEBNAH A [ EL A2 5102 100%
100%-0%+0%-100%+100%
B E AWK A Wang 2008 3£ 9 LA
A1, DL Monod J5 FRAE Jg A= K AR A2, 3= T4 R 240 i
AR BT R E A FRIA AR fERE R,
FEW IR B FE £ AL FE Gl Glu F1 Gln, F T 32 R4 i
B AR K S AR 4TS /3, Lac AT Amm A A 2 4101 1) 41
B A K B R &, L Michaelis-Menten 3] 77 2% 77 F& & 20
AT . RO T RRA R (XA RGN EE,
[Glc]«[Glu]+[GIn]+[Lac]«[Amm].[IgG] 73 B %
UYL g 5 kg 73 AN AR KRR 5 PE T T %
Kl K1 K1, K1, 55 3] 9%k RARSE ) ) Monod 77
FEAERKHH KD KD, KD, ~KDg, 5 5 %t B AR
WA Monod 75 FE A8 T8 205 my ~mgy,~me,, 7399 RS
JS2 AR 1) 4E RF R YE, g YF s YF s YFE o
YF, e~ YPgnan N7 B R B ks by T FEH
K K KRERG O FNKS,, 73 WA ECR A

p.max

AR MR H, AR A a5 1~ 9 i

d[ X
L (g - k) 1) 1)
[Gle]  [Gl]
Hao = Hame gy "F[Gle] Klg, + [Glu]
KILac KIAmm (2)
Lac+[Lac] K[A +[Amm]
k k KDGIC KD(rlu
¢~ Rama gD G [Gle] KDgy, +[Glu]
[Lac] . [ Amm ] 3)
KDLac + [LaC] KDAmm + [Amm]
d[Gle] __ )
dt mG]C }7}7X Gle [X] (4)
d[Glu] _
dt (mGlu YFXGIU ) [X] (5)
d[Gln]
dt (( mg, YFxclu) YFGln,G]u -
m n [X] (6)
o YFxGln )
d[Lac e
% ((mGlc + YFxGlc YFLac,Glc -
ki ,.'| Lac
Lac [ :| . [ X ] (7)
KLac + [Lac]




ESCEA W Z R P HTANR SR R AR T ST S R R ST B -+ 2791 -

d[Amm] [ ug Kppm'[Amm ] |
dt YF, amm K ppy + [Amm] [XT®
d[1gG ] [Gln]

T Qp,max‘m'[x] ©)
TR IERR AW AR H odeds B BUR M — B ik
Ji R, JR A A I s, R R A A A LA SR iR
MLEHEMN S, BUSH KRGS G T HEET
Matlab_R2022b iR 412 17, iz 17 HL i iC & 9 MacBook
Pro, K ] 2.3 GHz 4 #% Intel Core i5 &b #E 25, W /7K
8 GB. I %4 £ 45 Ved. GlewLacs Amm. Glu. Gln.
1gG S HURE I 8], S50 B ME A N, JF i i /M
MES RS EHERZAINKRENEG 25 NS5 N
HERIA AL EAERCE R B 2 57 0 Bk 22 [ 5 ), 7 2
BEAT H— A AR BE70 A B (40 P R B SR Y
(fitness), fitness {H B /N ULA B AER, il OR Ved F1H B2
LA, H xR E A& 54 A E o
R s /N AT TH R E R EL (coefficient of deter-
mination, R)*?H1H 7 iR % (root mean square error,
RMSE) 229 Al #0145 000 14 e, HAR VAN 48 5 ik
W10~ 13 fiiR

n

S(r-5)

R=1-— (10)

i(yi_),/)z

Fitnessj:’;,iz: 1-R? (11)
S, -7)

Fitness; = zj(wj*Fitnessj) (12)
z(yi - yi)

BAERE

GWO & — PR R RE I AL B0k, il i B UL AR
thox S AT kAT B AR OLA, gt B R AL i)
FRAE T BT, GWO I 2 AR S E Tl A
5% (alpha.beta. delta) 516 B & (omega) [1] 73 JZ 45
W, A HEAEALE, ATIESRERERHTRZ
F] S A RO I AR R, GWO B A5 B T4 i 55
TG G AR RR LB @A, F AR e B v
X —RBE ). TE BRI R T, GWO B i il
FOPVER IR IR 1) & R A5 K, Horh, alpha R 1& M
He4a 55— I AR AR, beta AT delta 73 ) F o HE 4 55 — A1
B =R AR, AR TTAT iR B omega KonPY, 5 A
TR BB B0 25 AL, GWO DUIR B (¥ BE AL 4 4k it

Mo TEZ YA 2R 7 B, JRAFREAN i o (AL B 3 DL S
BRRN. EIEARE R, IRE A R 2 N R AR R
5 R He, HENAWHEHLAE . FdE GWO 2
IRBEWI A I8 S 2B T 55 DL R AT B Ok 2 1 B 5 0
B IOREER S B E B R . GWO s B
T 3O B R IEAT

0 R A5 A AR A6 I R 9 A 4 R A /) A S T s
BEH AW 14~17Fis.

D=|C- X, -X (14)
X(t+1)=X, -4-D (15)
A=2-d-7 -a (16)
C=2-7 (17)

b X RS IR B, WA AR IR AR AR, X R
HARBIBLE, A A CRBNZS L, £ IRt g 23 ] i
RO, a e VRIS HL, 7 7, N BENLEL
R/ TSI X N =2/ G N R 7 X (=
GWO 43l A e p T 6 3 /N B oK 45 547 B 58T, B Ak
ARWMTTHE 8 FT7R o
X, + )gz + X, (18)
Vb A B 18 2% AR B AT, R BA B
20, 45 AR A5 48 2 5 ) 5 A 2, AT S 6T
[ ibpe i i HiE A
SUiH SR EAI AR TR 3 Fh BVE I TSk % (PSOLDE.

‘ Initialize the gray wolf population, a, Aand C

l

Calculate the fitness of each gray wolf and identify the top 3
wolves with the best fitness values ( @, 8 and J)

|

4’{ Update the positions of the current gray wolves ‘

I

‘ Update a,A and C |

!

‘ Recalculate the fitness of all gray wolves |

I

l Update the fitness values and positions of a, # and d l

Ha Check if the maximum number
of iterations is reached

Yes

X(t+1)=

Figure 1 Flowchart of the Grey Wolf algorithm
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p-—— N
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Figure 2 Convergence curves of four different algorithm. PSO:
Particle swarm optimization; DE: Differential evolution; GWO:

Grey wolf optimization; IGWO: Improved grey wolf optimization

A B

.
20 40 60 80 100 Global
optimum

° .
0 20 40 60 80 100 Global 0
optimum
Particles are concentrated around the
optimal solution, enabling faster
convergence and a higher chance of finding
the global optimum.

Particles are loosely and sparsely
distributed, causing slow convergence and
a tendency to fall into local optima.

Figure 3 Radiation visualization of particle positions during

search process. A: Particle position visualization of the GWO algo-

rithm; B: Particle position visualization of the IGWO algorithm
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Figure 4 Comparison of fitting performance through different parameter settings. A: Comparison results for different wolf pack size

settings; B: Comparison results for different search speed parameter settings; C: Comparison results for different iteration number settings;

D: Comparison results for different initial wolf position settings; E: Comparison results for different search step size settings
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Figure 5 Sensitivity analysis of IGWO improvement strategy. A:
Stability sensitivity analysis; B: Sensitivity analysis of average

optimal solution
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FEWI4 o X F Gle 71 Glu (] 6B F), B 55 47 Hh 2 ik
TRNRHEAE G IR B BI52m . SR, ST Gle M, AR A
TNAFEAE — B M 22, SEPRIKFEHF A AT . X P %
FEE T B S H A0 G o R R DL R B A U

Table 1 Model parameter fitting results

i fA Ak, 3 e fAT A R ) 1 BLER A B ) T e 715

%t F LacsAmm-Gln (& 6C~E), #& & fit i 45 47 1
TR BB S, (AR AR — R 72, X AT RE = KA
BT K fie 56 4% S B4 M A7 9 (A8 A0BY, 75 ZE A AR
WA R BB IE BRI b, T EORE T S
AR B 1 () 250, A7 AE — 8 R JE AR R 22,
A RE 2 S EUR A PG 45 B ZE 1
3 HEBIIE

S B IE AR R )3 P P, SR B 1A [ AR U I s
FEACUCHEAT BRI AIE, PPl 12458 L 7R AR R B TR
MR, K H R A RMSE 1B 4 32 Z VP4 $8 b, 5T A
[ B0 PR R P e EAT A T VAl . B IR S
BUIGF S ) B T2 AR 2 fow, Hod A kiR
MECE T 28 & SR T, BRtIRS A#LIK T
ZHAE, 209 1L AEARE M, IF 73 il A2 SEER (28 2,416
8.10.12 14 KAkl #LIK C.D K 1134408 F0, W1tk
HEACT AVBHLIK, A AIAE LI 28 3.5.7.9 11,
13 RAMEL

Parameter/unit Parameter meaning DO0-D11 D12-D16
,11anm/h'1 Maximum specific growth rate 0.27 0.17x107
kd,max/h-l Maximum specific death rate 0.024 0.05
KI/mmol-L" Cell growth Monod constant for glucose 10.88 29.35
KI, ,/mmol-L" Cell growth Monod constant for lactate 2.40 42.18
KI,,,,/mmol-L" Cell growth Monod constant for ammonium 71.08 95.48
KD /mmol-L" Cell death Monod constant for glucose 25.09 326.63
KD, /mmol-L" Cell death Monod constant for lactate 0.46 6.06
KD,,, /mmol-L" Cell death Monod constant for ammonium 6.77 45.71
m g /mmol™-cellsh” Glucose maintenance coefficient 0.00 1.60x10*
YF, g /mmolcells Yield coefficient of cell growth to glucose consumption 0.46x107 0.34x107
YF{ . gi/mmol-mmol’ Yield coefficient of lactate formation to glucose uptake 1.21 0.42x107
YF amn/Mmol ™ -cells Yield coefficient of cell growth to ammonium formation 8.13x10™ 0.02
k. ,/mmol-cells™-h™! Lactate consumption rate 7.28x10™* 1.58x10™
K, /mmol-L" Michaelis constant for lactate 101.20 82.64
k pp/mmol-cells™-h! Ammonium consumption rate 1.40x10° 0.00
K yp/mmol-L! Michaelis constant for ammonium 0.15 0.07
Kl /mmol-L" Cell growth Monod constant for glutamate 0.03 2.47
KD, /mmol-L" Cell death Monod constant for glutamate 47.55 154.29
m,,/mmol-cells”-h' Glutamine maintenance coefficient 0.00 3.18x107
YF. XYGln/mmol'l -cells™ Yield coefficient of cell growth to glutamine consumption 2.22x10™* 1.65x10™
YF 0 gi/mmol-cells™ Yield coefficient of glutamine formation to glutamate uptake 0.13x107 1.04
mg,/mmol-cells”-h! Glutamate maintenance coefficient 1.85x10° 4.13x10°
YF Xleu/mmol'l -cells Yield coefficient of cell growth to glutamate consumption 0.00 4.27x10™
O, ma/mg-cells™ b Maximum specific productivity 5.58x10* 0.15%x107
KS,,/mmol-L" Protein production saturation constant of glutamine 0.00 0.00

Table 2 The main process differences between the modeling batch and the model validation batch

Batch Seed density

Max-Ved

Passage ratio of N Days of

Feeding strategy

ID (10°cells mL™) (10° cells mL™") generations cell culture

A 1.19 27.2 1:1 16 D2/4: 4% CD1005-A + 0.4% CD1005-B; D6/8/10/12/14: 5% CD1005-A +
B 1.10 20.5 1:1 16 0.5% CD1005-B

C 0.79 20.1 1:3 15 D3/5: 4% CD1005-A + 0.4% CD1005-B; D7/9/11/13: 5% CD1005-A +

D 0.61 17.1 1:3 15 0.5% CD1005-B
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Figure 6 Experimental data and fitting results for fed batch cell culture process. A: Prediction results for Ved; B: Prediction results for

Glc; C: Prediction results for Lac; D: Prediction results for Amm; E: Prediction results for Gln; F: Prediction results for Glu; G: Prediction

results for IgG. Vcd: Viable cell density; Gle: Glucose; Lac: Lactate; Amm: Ammonia; Gln: Glutamine; Glu: Glutamate
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Figure 7 Predicted results of model validation. A: Antibody titer validation for Batch A; B: Antibody titer validation for Batch B; C:
Antibody titer validation for Batch C; D: Antibody titer validation for Batch D
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