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Research progress of artificial intelligence in 3D printed drugs
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Abstract: In 2015, the United States put forward the concept of precision medicine, which changed medical
treatment from "one size fits all" to personalization, and paid more attention to personalization and drug
customization. In the same year, Spritam”, the world's first 3D printed tablet, was in the market, marking the
emerging pharmaceutical 3D printing technology was recognized by regulatory authorities, and it also provided a
new way for drug customization. 3D printing technology has strong interdisciplinary and high flexibility, which
puts forward higher requirements for pharmaceutical staffs. With the development of artificial intelligence (AI),
modern society can perform various tasks, such as disease diagnosis and robotic surgery, with superhuman speed
and intelligence. As a major Al technology, machine learning (ML) has been widely used in many aspects of 3D
printing drug, accelerating the research and development, production, and clinical application, and promoting the
new process of global personalized medicine and industry 4.0. This paper introduces the basic concepts and main
classifications of 3D printing drug, non-Al drug optimization technology and ML. It focuses on the analysis of the
research progress of ML in 3D printing drug, and elucidates how Al can empower the intelligent level of 3D

printing drug in pre-processing, printing, and post-processing process. It provides a new idea for accelerating the
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development of 3D printed drug.

Key words: 3D printing; artificial intelligence; machine learning; design of experiment; finite element

analysis

T GE 1= 7 U AT b T — 190 I B 97 Xk, 7
VAR 24 i OB R B A 7=, A8 77 B N2 R B Bk = B
X B R PESRNG o B BT ROR KR, NAITIZEHT A
WX G IT R R AL, I K TS N2 T
3D FT BB A E I v SR 4 R e = 4R
IR eI R 8 B WA, BRATER R E 2, A4t
W AR . 2015 4, 35 A 2 B S
(Food and Drug Administration, FDA) fit# T 4= Bk &5 4>
3D #T EN % i Spritam®; 2020 £, H [E 5§ 3 Triastek /A 7]
(1) T,, ¥ 251 KR 58 (investigational new drug, IND) Hf
T SR AED, [ R v 2 | 4 A R i o ik A
WKL 3D AT ENHARIT K AT AL ) 254, 3X 3 A
BPEFAF NP 3D AT EN I AT AT PEBE 2 7 &R Al . 2019
E, B 3D AT BRI AR T A% G 25 W I PR B 98 K 3%
I e R S ) R

3D FTEN 24 DL AR 35 9 o0, EH U 3D T B i) 551 1)
Bt A R A Gl A 2 T 2 . ML 2
AL —A T4, FIH ML M\ A B R & 58 v 21 i
DUE 25 B, WA o A A% B 1) i P R 1, R FE B8 T
FRAL R VR AT 28 8 A5 T R A A FH, 5 0 3 2
3D FTENE 28 (W m Tadk A2, J9AFAA1 45 58 3 5 ¥ 3D 47 Ep
At EPE S IR R A T R . AR LR SR
e AT ZI A R TN AT SC B H R AE 259 3D T BRI
N IR ANAT S AT Rk, ZRE R T AN R AR
B, Jy Nk 3D AT EN 2GR R SR A T R
1 3D ITEN R AR RAE G AR
1.1 3D ITENHA

5640 5 7 iEAN ], 259 3D 4T BN R R i v
HLE B3 (computer aided design, CAD) 34 % i1 61
S R 45 e, R IR B ) DOV 42 ) 5 7 T S A T
ERE ), WG CAD W] il 4% H B AT Ry E A 0 45 1 FIPE E
(BT 7= Y, ] RS E i 25 W 550 & A A R R
21120 ZF R R IIRE, 254 3D 4T ERAT L 2 AT A4 th
ANFFARFNS, Qb 45 77T s Bl TR | BAR S
IEPEVEBOG R EE MALARE 255 . & T HARAAAE 77
PE, BRSSO R R
1.1.1 % &5 5 B8 &5 32 R (binder jet 3D printing,
BJ-3DP) BJ-3DP 59 ik R BARA AL, 4T B0 R 2E 40
VA JI7R o &G 70 S B IR FTED Sk Hi ok, )
i = e 5 M EERAERD IR B VTR, R RS 45 E L, 3R

JE BN 2 SE AR . 1996 4F, R 48 B T 2% B 1Y
Michael J. Cima #(#% 15 X #i i | BJ-3DP £ AR A v A
FHil2h. 20154, Aprecia /A 7 3 T ILE AR FF K T 4Bk
55— #K 3D T ENZ4 i Spritam™ 7, %3 A S B FAN
B 25 ST ) 3D FTER R, RSB 7 7 AL AT
Ak, B B 322 T AR ] R AR K
1.1.2  {& B4 7T 2 $ AR (fused deposition modeling,
FDM) FDM £ AR 5 2% 18] B oA 7™ i 9 FE o,
M K 3D AT ERH AR o 1% B AR T 220K BuJ 1t 44 )
InFA R AL J5 H 48 R 0 B e [ Y, I 2 R g S,
FTENREE WL 1B. FDM £ R Al 22 44 80 25 L e 4T
ERZ5), BlE AR ) 7 S % 2 Y I B, I = R
Ve AN R R R A Mok R 25 B 7. FDM iR
WAELE— 8 J7 IRYE, FTEN S FE T A, 1& & T AT E M
25, A H T 5 7 500 S G2 R s 7 RN R R 24 4t
REMBIFE . BT, B0V 40N Multiply Labs 23 ) K H
AP ] R A

1.1.3  FEERFHEFR (semi solid extrusion, SSE)  SSE
S MR TR BRI — P AR o, 3 i <3 I 2 SO A Y
75 3B tHRE R SO IR K, S5 M B T R = 4R, 4T
FI R 2 WL 1B, 5 FDM £ AR A b, SSE K FAKIT Bl
WP, HOE A T A BURE ). SSERARMH TH 7
1) 770 42 R 1) 700 SR 7 PELER A I 4 A v B
A B FLA I 50045 75 T B 9T . H R, 95 [E FabRx F15BT
I Craft Health P 2K 259 8 7] 6 i B AR #EAT 1 ik
A )R .

1.1.4 ILIRFZFLAR (stereolithography, SLA) SLA
BT R A B JEEE, R RS SGEOR I 72 28 706
SRR PR [ A6 PR R PR EAT 3D T ER = i (1 i 4%, 4T
B J5E 2 L] 1C. SLA 43 A [R] B Y 3o 88 P L 4T EpAS B
e SRR R AL, )T T IS B 2 A T R
() AR 2 V& AR AR, 77 328 B W 7] B il et A
FHOCHIE TR B e H T 6 B I 11 22 4 1 i) 4% J
(A, 6 [E 16 3D 47 B il 77 se BLR ML AL, 3 75 i v il 2
i

115 ERFMHMACIRER A (selective laser sintering,
SLS)  SLS J Ty AR R s e Y J 2, 38 3o 4% 1) Y06
JCURAAR, A ik B BE 45 [ Aok R A RHE 24, 1 ER
JEEE WL 1D, SLS £ ARITEN 2 Jr J5 Ab BN B, if
W 2E Ky AR RO N SO SR, A A5 T2 HE FE I .



BRIRRESE: N REAE 3D 4T EN LRI Te it e

+ 1579 -

A Liquid binder

Leveling roler Print head

Power-feed chamber Build platform

BJ-3DP
Liquid

solidification

Photopolymer resin

Build platform

based system

B SSE
Pressurized Piston Syringe
air § yring
Material
Extrusion Needle

= /De osition

Solid

Roll
° er; filament
Filament
hester
Molten

E= _filament
FDM

Screw “f~

. . Laser beam
Scanning mirror

-

Powder-feed chamber

Leveling roler

Build platform

Figure 1 Classic three-dimensional (3D) printing process and technical classification. A: Binder jet 3D printing (BJ-3DP); B: Semi solid

extrusion (SSE) and fused deposition modeling (FDM); C: Selective laser sintering (SLS); D: Stereolithography (SLA)
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Figure 2 Application of non-machine learning (ML) drug optimization techniques. A: Design of experiment (DoE) was used to optimize

the composition of the printed inks of the BJ-3DP drug. Adapted from Ref. 14 with permission. Copyright © 2021, Acta Pharmaceutica

Sinica; B: To study the drug micro-extrusion 3D printing process using a mechanistic modeling. Adapted from Ref. 17 with permission.

Copyright © 2019, Elsevier; C: Finite element analysis (FEA) was used to optimize the shape and penetration strength of the microneedle.

Adapted from Ref. 22 with permission. Copyright © 2022, American Chemical Society
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