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Abstract: Artificial intelligence (Al) has progressively integrated into various fields and plays a significant
role. With the advent of China's aging population era and the growing public demand for healthcare, the application
of Al in the field of clinical pharmacy has garnered considerable attention. Clinical pharmacy is crucial for
ensuring the safety and effectiveness of clinical medication use by optimizing drug therapy and preventing
medication errors. Due to its advantages, such as powerful data processing and analysis capabilities, and robust
model-based predictive abilities, Al holds broad application prospects in the field of clinical pharmacy. This article
introduces the current progress in Al applications within clinical pharmacy, focusing on its use in enhancing drug
efficacy and safety. These applications include: assisting drug selection, optimizing dosage and administration
timing, providing intelligent pharmaceutical services, predicting drug-drug interactions, pharmacovigilance, and
preventing medication errors. Building on a review of current advancements, the article also discusses the
challenges faced in implementing these Al applications. It proposes potential solutions, aiming to provide a
reference for subsequent research and relevant practitioners.
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Table 1 Classification and common algorithms of machine learning (ML)

ML type Definition Common algorithm
Supervised Utilizes labeled datasets (training sets) to predict Linear regression; logistic regression; support vector machine (SVM);
learning outputs for unseen data through training decision tree; random forest (RF)
Unsupervised Discovers latent patterns or structures using Clustering algorithms: K-means, hierarchical clustering; dimensionality
learning unlabeled datasets reduction algorithms: principal component analysis (PCA), t-SNE

Reinforcement
learning

Learns strategies through interactions with an

Q-learning; deep Q-network (DQN)

environment to maximize cumulative rewards
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Table 2 Commonly used deep learning (DL) models and their related application scenarios

DL type Definition

Application scenario

Convolutional
neural network
(CNN)

hierarchical feature extraction. Inspired by the local perception mechanisms of

A specialized deep learning model designed for processing grid-structured data
(e.g., images, audio, video). It achieves efficient feature learning and
classification through convolutional operations, pooling operations, and

Image classification; object
detection; semantic segmentation;
video analysis; natural language
processing; medical image analysis

biological visual systems, CNNs automatically extract spatially hierarchical

features from data (e.g., edges — textures — shapes — semantics)

Recurrent neural

A deep learning model specifically designed for sequential data processing. Its

Natural language processing; time
series prediction; speech and audio
processing; cross-modal tasks

Image generation and enhancement;

network (RNN) core features include recurrent structures and internal memory mechanisms. By
introducing parameter sharing and state transfer across the temporal dimension,
RNNss capture dynamic dependencies in sequences, making them suitable for
tasks requiring contextual modeling (e.g., language, time series, speech)

Generative A deep generative model based on a game-theoretic framework, comprising two

adversarial neural networks: a generator (G) and a discriminator (D). Through adversarial

network (GAN)

training, GANs achieve data generation and distribution fitting, with the core

medical image analysis; drug
discovery; cross-modal generation

concept summarized as the "game between a forger and an evaluator"”

Table 3 Application scenarios of Al technology in clinical phar-
macy. NLP: Natural language processing; LLMs: Large language

models; MTM: Medication therapy management

Al technology
ML, DL

Application scenarios in clinical pharmacy

Prediction of drug efficacy and toxicity

Prediction of drug-drug interactions

Prediction of pharmacokinetics

Personalized medication and dose optimization

MTM and antimicrobial stewardship

NLP Pharmacovigilance and ADR monitoring
Construction of knowledge graphs and medical
record information extraction

LLMs Prescription review and pharmaceutical care

Clinical decision support

Medication education

Precision pharmacotherapy

MTM

Drug-drug interaction identification and prediction

Pharmacovigilance

Figure 1 Interrelationships among Al, ML, DL and NLP
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Al applications in clinical pharmacy

Precision pharmacotherapy

‘ Enhanced medication safety

)

Personalized drug selection
Optimized dosing timing

Clinically appropriate dosage ‘
Mitigating drug interactions
Reducing medication errors

Enhancing pharmacovigilance

Intelligent pharmaceutical services
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Figure 2 Al applications in clinical pharmacy
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24 LR I PR A F A% 7 4 5l 2 v HE LA A AT 1T AR
YOI FH 2 B 2K, 3K 6 B 2K BT 5 350 A R AR VR TR I BUEL
BrmEY. AR REREXRBBEHENH A %4,
Al C A 4 BR R 97 S 3 B0 R R, 194736 ik
2142010 UM AT R, (R E G RZEDH 1 EE
DA 25 48 vt S BOE T, R AE B 254 S 80 i A
Bk 130 51 H A Tk e Kb 25 R T
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H 34024 55 491 T B 750 2 4 B LU A v A IR AR A1)
F 0 O 24 5 B YR OO AZ G ] FED O, R N
EHH KT AR E 5EIN4E.

T4 SR ALTR T RL AT T ek 20 A0k G 2 RS R
FC7E 8 G 25 B R 7 T ) T B A R EE R R 4
I 7REIO0

ALER; 1\E 25851307 T FHE — Lt i 24
RFENEE. 2023 FFERER—F RG LR EIR, 71% 1)
W98 7R 5 4% Gollfn R S B AH L, AT RS 980/ FH 24 4 5%,
MR T ALTE ] R TT B8 v A BB R AT PR
Ty AT 2024 5 R 3 R R B PR 8 A 25 4R 11
RALFR BN, 524H0 2 R IR R RS R R
A BRIV 25 AR L, FE T AT I 265 40 e i mT 2
ANl R R A0 7 AR AR Jeb 2R R ) R, O
SCREASEFH 2 3047 e R B IO, FL 3 T AT 23R R 40 v
5 58 2 (1) A0 S0 B I PR S B B TET e Zhao S5 R
R T TR AT R K2 B A 2, ot &
N YT A S A I AT R S8R DL BT 3R B 4k
SRFHE S, T8 R 5 N 2% BRUEE B 3% 28 14 E B
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Table 4 The strategies of Al in preventing medication errors

H R 24 1 1 3 M5 0, 8k G A 25 45 R I R 2E . Pais
UG 25 2 B AR S LLMs S & 7 — A
% N“MEDIC” 1 R 5t % F 5t e 5 A5 10 24 5770 I ) it R
BB o0 A 5 HEAT O A, IR B, 1% R SiRE
B R B/ 33% O FH 254 1%

FH T DL, AT PR SR O P 24 4 R 5 T B S LA
I H 2B WS T IE RSB, BARARKIETEHEZ M
AN IRAIE F I PR S B BRAIE, L 7E F 24 MR 00 A 15R TRUEE K
3 FH 24 78 0 T P 2 P AR b R v i DR I A K 2
I TAERCR, e B A k.
3 ALEIRKRZEZE R A ABkER B 3158
3.1 REHEABERITR

ALTE I PR 2 22 40038 58 A8 A A 24 K B B AL %, 1
JE AT TSNS, AL I ML AT DL S2 3 T 45 5k
2 WA BE P AL T 45 SRAE TE V245 HA P 3 2 31 J it B
Ll B0, B ML % DL FH T 2590 [ N7« 250 70 &
T 4 2 T SE TN B, AT LASREUAE G I Tl 45 5, 152
Tovk TR B AR RO R AL o XM AR A
B 7 S BN 80T AT Ve S &5 AT 1 H BB IE B 5T, 2
e TVE AR H P R R M, B3 iX — Pk H AT 2
P AT LIS R A R N TR R (XA AT
W, XAT A DA o AR JE - N AT N FH AR 3 3 A 2 1 1)
JO, 4R X e N R A P L o) S i e o A I
() AT f R A

A AN AE B 5 THT 1Bk % A2 H5 4 SRR 1 A 2 1
AR 1 PR 2 2 ) 5 B T K s 250, i 25040 SR R
Al RETCIEARR BT A N FEHEAR, DR bl AR 2 R FH 1) v i
2 S8 w2 i, JEE L E R P2 R
FRBURAIEM T AN LEES, AL RG A 5Tk
BEI7ic k>, AT REAE S R G MEfm L, T AR T A 2%
75 S, A e IR AR AR N A ) L 3 AR A 1 B ) =

. . . L Related AT
Strategies of Al in preventing medication error
technology

1. Analyzing massive amounts of information and identifying patterns to predict medication errors and proactively identify high- ML, DL
risk patients who may experience medication errors and implement preventative measures early, thereby preventing such errors
from occurring
2. Identifying and parsing the content recorded in medical records or other healthcare documents, thereby identifying potential NLP
medication errors and providing early warnings
3. Providing real-time decision support to help prescribing physicians analyze medication prescriptions and medical orders, ML, DL
offering alerts regarding drug interactions, dosage, or other precautions, thereby reducing the occurrence of medication errors
4. Analyzing patient medication lists and individual data to identify medication usage patterns and predict potential medication ML
errors. Simultaneously, this method enables the development of personalized medication plans based on patient-specific
characteristics, reducing the incidence of medication errors
5. Assisting pharmacists in medication verification and ensuring correct dispensing to the corresponding patients Computer

vision and DL

6. Using wearable devices to monitor patient medication usage and provide warnings for potential medication errors DL

7. Integrating knowledge across multiple domains, interpreting complex textual information, and generating text, enabling earlier LLMs

and more comprehensive identification of medication errors
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