HMIRITIRE S E 2026 £ 4 BE 3555 4 47 361

- TTIEFIEEEE -

(AYMRITRERRTEZIEDG (F20R) ) RIIE
% (16) : \TBENEERTSHIRE

%H'ﬂ%f'z, %H&‘ﬁgﬁ’ }:/c-ﬁjg—r%—’\ 2 % 24 ;@W 2, 4, 5’ :f’]\ )ﬂ"\,Z. 4,6,7,8

1. EARRROARFHAHELAEZRE (b AF) (dxg 100191)

2. hmAkFEAETEEREATRE A% IEF F (AL 100191)

JLERLEEFFN, sHENAFHEL T LZEERERRAAREBIEEFF O (b
100045 )

4. pFEARFEFBA R LT ELLMHFRF S (dLE 100191)

hEAFE = Bl G R RATR F AR+ 8 (daw 100191)

b AFE = EREA (3 100191)

FEREMAFFEFK (5EAKF 830017)
FEAATAREAETA¥R (FEHTF 832000)

CIBEE Y B 2 so it FOBd 9 1 25 B R 5 vy ) SO R 0 g 3T, AT RE
(A1) TERZVEELLYRATRF PR A SET YRR ket (4
200) ) . RGARVE AR5 A TR 2 Ao v R O R R B 5 TR )2 B A £ A X R
KA LA TT ] FERCRERIOT T, PEARARAT AR S AL (NLP) SHLAs%>) (ML)
ARAEAEGE R P BT SCAS 1) 25 W AL B AL b ) SCRRVE T, RIS, 76 ELAAR I R T 37 5
T TR RS B0 1 5 7 (1R, ML BRI e AR . BRI 2, AN ML
L T 25 AT 2 W5 o A2 R 2 O R4 o 2 e A o 55 25 g skt i A AR R e 1
ST BT R SRR . AN, ASCR AT A, TR ML RS2 a7
BOV S (HTE) B “JETRUG” 5 “FETR0N " SR ERIER . g ST < BAg”
Rk, HE— DRI AR N TR RE (XAT) ZEGHINH 8 B XU | Wi (30 P v i T
Fe HeA 7R R J2 e S ML 5 T R BRI . AR SC B e P M T AL H AR | $2 71254
VAT IS o R kS T AR MR P i 7 e P S S S %

[RH217) ) 2aWifosy; Jrides; 45 AN THGE

[ FE45 XS] RI813+5 [ SCEkFRIREG] A

© ~N o o

Guide on Methodological Standards in Pharmacoepidemiology (2nd edition) and their
series interpretation (16): exploration of artificial intelligence applications and
assisted decision making

WU Yunxiao'?, NIE Xiaolu®, YAN Jinan"?, ZHAN Siyan'?**°, SUN Feng"**%"*

1. Key Laboratory of Epidemiology of Major Diseases (Peking University), Ministry of Education, Beijing
100191, China

DOI: 10.12173/j.issn.1005-0698.202603076
HegH: BEREKBFERELT ERE (72474008) 5 EIREABFHALER (HX) AESRRAE (72361127500 ) 5 #HH 4 A#
BT E BB R L (ZDYF2024LCLH002) 5 B R 25 M & 25 AT o oo FF iR A (CDR2024R01001 )
MEHE: DR, HE, BRR, BEHEEFIH, Email: sunfeng@ojmu.edu.cn
ERE, L, #F, HLHARXER, Email: siyan—zhan@bjmu.edu.cn

https://ywlxbx.whuznhmedj.com/


http://dx.doi.org/10.12173/j.issn.1004-5511.202203023
http://dx.doi.org/10.12173/j.issn.1004-5511.202603076

362 Chin J Pharmacoepidemiol, Apr. 2026, Vol. 35, No.4

2. Department of Epidemiology and Biostatistics, School of Public Health, Peking University, Beljing 100191, China

3. Center for Clinical Epidemiology & Evidence-based Medicine, Beijing Childrens Hospital, Capital Medical
University, National Center for Children’s Health, Beijing 100045, China

4. Center of Postmarketing Safety Evaluation, Peking University of Health Science Center, Beijing 100191, China

5. Clinical Epidemiology Research Center, Peking University Third Hospital, Beijing 100191, China

6. Department of Ophthalmology; Peking University Third Hospital, Beijing 100191, China

7. School of Traditional Chinese Medicine, Xinjiang Medical University, Urumqi 830017, China

8. School of Public Health, Shihezi University, Shihezi 832000, Xinjiang Uygur Autonomous Region, China
Corresponding authors: SUN Feng, Email: sunfeng@bjmu.edu.cn; ZHAN Siyan, Email: siyan-zhan@bjmu.edu.cn

[ Abstract)] With the growing accumulation of real-world data and substantial advances in cutting-
edge computing technologies, artificial intelligence (AI) is profoundly transforming the research paradigm of
pharmacoepidemiology. Based on the Guide on Methodological Standards in Pharmacoepidemiology (2nd
edition), this paper systematically examines two core application domains of AI in pharmacoepidemiological
research: targeted intelligent data extraction and the generation of in-depth data insights. In the domain of data
extraction, this article elaborates on the pivotal role of natural language processing (NLP) and machine learning
(ML) techniques in converting unstructured medical text into structured data, while emphasizing the need to
carefully balance precision and recall in specific clinical application scenarios and to report model performance
metrics in a standardized manner. In the domain of data insights, this article conducts an in-depth analysis of the
methodological advantages and existing limitations of ML as applied to the control of complex confounding bias,
the construction of high-dimensional clinical prediction models, and cutting-edge probabilistic phenotyping
in pharmacoepidemiological research. Furthermore, with a focus on methodological fundamentals, this paper
systematically reviews the dual modeling pathways of ML for identifying heterogeneity of treatment effect
(HTE)—namely the "risk-based" and "effect-based" approaches. To address the "black-box" nature of deep
learning, the importance of explainable Al (XAI) is further discussed in facilitating the review of medical risks
and the avoidance of ethical concerns, as well as its inherent limitations in elucidating the underlying decision-
making mechanisms of models. This paper aims to provide researchers with rigorous methodological support
and practical guidance for the standardized application of AI technologies, with a view to enhancing the quality

of pharmacoepidemiological research and the reliability of decision-making.
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Table 1. Precision and recall trade—off strategies for Al data extraction algorithms in pharmacoepidemiological studies
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