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Explainable Deep Learning Model for Predicting Cell Viability
and Antibody Productivity in Culture Processes
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This paper proposes a machine learning framework for predicting key in antibody production in cell culture
processes, focusing on antibody product concentration and cell viability. Three types of input data-process
variables, output variables and their integration-were applied to Random Forest and Deep Neural Network
models. Experimental results demonstrated that integrated datasets improved antibody product concentration
prediction accuracy, while output variables were more effective for cell viability prediction. Shapley additive
explanations analysis was employed to interpret variable contributions, revealing distinct drivers for each quality
attribute. For antibody product concentration, effect of metabolic indicators such as glutamate and ammonia
were dominant, while viability was mainly influenced by culture conditions and glutamine levels. These findings
highlight that input composition strategies should be tailored to the target attribute and that combining prediction
accuracy with interpretability provides actionable insights for process optimization. The proposed approach
contributes to smart biomanufacturing and supports digital twin-based control strategies.
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Figure 1. Case Study Overview of Monoclonal Antibody Production
for Arthritis Treatment
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Table 1. Hyperparameter Search Space for Random Forest

Parameter Search range
n_estimators 50, 100, 200
max_depth None, 10, 20

Normalization Not applied

DNN-2 Multilayer Perceptron 7]§Fo.2 A8t o, 7 2
Y3S 64~128719] =T& EFSFL Rectified Linear
Unit(ReLU) EA3} & A &stnh. FAg BAE Sl3)
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© Adame AHE3HATE S5 E-S 0.001 2 AR s o, A%
350l YA epoch o3 M= A & 745 TFe 271
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3= Early stopping A

1T T =1 TS

min-max scalingE AR oM, =7
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Table 2. Hyperparameter for DNN

Parameter Search range
Layer 128-64-32
Activation Fuction ReLU
Optimizer Adam
Learning rate 0.001
Normalization Min-max scaling
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Table 3. IgG Prediction Results of RF and DNN Models by Input Data

Model Input data MAE MSE RMSE
RF Process Variable Data 0.3778 0.2617 0.5115
DNN Process Variable Data 0.3104 0.1338 0.3659
RF Output Variable Data 0.3720 0.2529 0.5029
DNN Output Variable Data 0.3160 0.1433 0.3785
RF Process Variable and Output Variable Data 0.3994 0.2631 0.5129
DNN Process Variable and Output Variable Data 0.2174 0.0798 0.2824

MSE, RMSE #h< 2o o] 73 o3 A& Uehllon, &
3] Mo} 4= ARE T 49 DNN 9 B0 7+
oL} MAE 0.2174, MSE 0.0798, RMSE 0.2824 & =5 3ith.
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gHElolHE 2832 v A SH o) S ik, BT BAlE 7o R o F3 Ajoln, 7h A Ao 24
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FABAE EHHCE GG S AUT AT T2y o HTh SHAP £4 A3}l 21, IgG |59 = Day, tiAL &

Actual vs Predicted IgG (Test Set)
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Figure 3. Visualization Results of IgG Prediction Using RF and DNN Models Trained on Process Variable Data
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Figure 4. Visualization Results of IgG Prediction Using RF and DNN Models Trained on Output Variable Data
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Table 4. Viability Prediction Results of RF and DNN Models by Input Data

Model Input data MAE MSE RMSE
RF Process Variable Data 1.9620 4.8646 2.2056
DNN Process Variable Data 1.4841 2.6482 1.6273
RF Output Variable Data 1.7125 3.8372 1.9580
DNN Output Variable Data 1.4633 3.2010 1.7880
RF Process Variable and Output Variable Data 2.2062 6.3154 2.5129
DNN Process Variable and Output Variable Data 1.8214 4.0976 2.0243
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Figure 6. Visualization Results of Viability Prediction Using RF and DNN Models Trained on Process Variable Data
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Figure 7. Visualization Results of Viability Prediction Using RF and DNN Models Trained on Output Variable Data

Actual vs Predicted Viability (Test Set)

100

RF

Viability

— Actual Viability

Predicted Viability

o

10 20 30 a0 50 60
index

Actual vs Predicted Viability (Test Set)

DNN

Viability

Actual Viability
Predicted Viability

0

10 20 30 0 50 60
index

Figure 8. Visualization Results of Viability Prediction Using RF and DNN Models Trained on Integrated Process Variable and Output

Variable Data



50 AuA - A oA - EA S 2 7
Viability7} 54 378 AN JHE WFshe 743 AR HAEY 4 94 B3 dds BAT InitialVCD’ 9}
= NARSHH, 1gGet 22 thokst 34 W] 8 S35 9 ‘FeedingDay + 2+t 1gG A3 ol oF9] 71 9} B4l FaFs
ol e B4 7T HoA F AR L S B FE HTE IRAHNOH, FeedingDay= WET5 A A4
o) 2 Hol T} of 7]e3sh= 7 dko] YEbt TargetTemp’+ Hlnl % A¥H
Viability 15 Ao A AAE L4 & A AYEES]  Fo & B, ‘Agitation P/V’ U ‘FeedingVolume® 52 B
m Mg 2 E BE3] A S| Btk i AARA Y AE FEIHSED T']:_LLE ol A ARl A&-E sh= A0 E A
& At AEFH AP 7S AP QA8] 97 FH ol F KR 0 8 ZA W 7|0 B2 (oG] A A B
ettt metA £ AT oS A 34 ST o ddo]  whsh RESARE o U Al e oF 22 AE|shA A HE uk
U A 20 A NAS AESE v FUARE S8 5+ FokA Xt o F BTl A7 AU
A <Figure 9> (b)© 4H= A& 78F Zdof|A] thA F4k=
Az deel AEd WesEe] Al dFEs Btk
4395 29 % 7]uk SHAP 84 Az} ‘Glutamate’ = 2 ZYTE AS7S A7 A FHH
o F&FS UL, ‘Ammonia’ = GWH O 2 3(-)9] HEFo
SHAP £41& Ff o3 2| Ao 7|ojeh= F2 M 2 2830t ‘VCD', “TCD, ‘Vessel temp’, ‘Glutamine’ =
S 536, A ware S B A 55 A A HEE e oH, HAAF 0= 1gG g o] i A
FH 07 Hrlstth SHAP 412 oS 229 a4 7heAd S8 2 AZ e o) Apujdtte Hes & BofF}oh &
= GEFH A, T8 Aold & 7Fsd TR UIAE L 3] AE AKX 7N P2 9T A 4 9] st 7z
Zoke d H380] th. B HoAe dF ol 6o Al WSk dE F2E 7Y, w71 ol 39 THe S
Viability Z2+oll thelf Al 742 48 7438 | 7I8h A= AARg
AE 7, FER)olH =2H SHAP AHE FHHCZ & <Figure 9> (0 34 - A= T R4 374 e At
Mtk = A% AR7} A rFEHEA, 7 "l '6‘3 7F 5%
A FHg= YeldS RYFET ‘Glutamate’, ‘Ammonia’,

(1) 1gG ol Zoll tigh = G 24

1eG =0l A= BlolE] 74 wHalo) uje}l 8 W] 43
3} g gk vhgko] P& Btk <Figure 9> (a) ol A= 34 W
771 20| SHAP 5492 Hebd e o ‘Day 7} 718 4
%52 S 1 G{T} SHAP H-¥o) w2 ok A|7ko] Zoj
2 oG A 23S AHA Zotets o g 28

o ot

—

SHAP Fastuing Inpartanc fad I5G

‘TCD’, ‘Glutamine’, ‘Glucose new’ 5 2+ 4 ‘_*)F‘%O] Skl
3] 91l X181 .M, ‘Day’, ‘FeedingDay’, ‘TargetTemp’
T 38 HTER 1 oY FFEE /A dE AEE
£ 28319tk 53] Glutamates =& T oA oS5kl o
Fe] 719 & 3 TR, 1gG AR 159 4] ARZE 7]
F g HoFET 58 2 SHAP #to] 237} &

ofr L
ok r&ﬂ

Hgh - e
pay A bR dopw Y op o ean i I '*’“;—*'::
= -— e} SR eI
[ 2 . i e
- [ . .
= e [P S —
| = [PO— F——
1gH E — o %
— - - i
initiatvolume |- — . foberen H
T TR = - - Low — e
;'mp -.miun {impact on m.c\del oL:p..:- . e ce] e—
—p —_
— -~
i i
- B
- =
4 I
—— -

(a) Variable impact analysis for IgG
prediction using a DNN model trained
on process variable data

LR e et e et st

(b) Variable impact analysis for IgG
prediction using 2 DNN model trained on
output feature data

(c) Variable impact analysis for IgG
prediction using a DNN model trained on
integrated process variable and output
feature data
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distribution of SHAP values for each input variable across the evaluated samples.
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