53

o, TUX%E

= mumsms oA F 8

SUNYAT

4T Lighthouse Scholar

‘B M: journalgzzoc. com

doi: 10.12419/24093010

View this article at: https://dx.doi.org/10.12419/24093010

.
XEZR

AT BREABRFERZSITRRIMA: kkS5E

(L. B R 25 KA M BE B, it 6100755 2. AR BE 25 K22 IR B2 Be . W#F 610000)

1. XBERY

o EI G ATTEIHRERISTT I E N AMITIE IR, R AT SR A AR B AR B W, R B TR B
AT FIRYT S il v R 2 O

2. BME%RM

o BEBEVE I FHLAE T W LR, AT HORE R T 35RO REILSAR T .

o ATMEIIRGTE BRSNS RENSE I ST IR A B b B S WHR I

o BRI ARG SRS BUSH AR BDE SR T ARIGTT .

o G ZAEADNREY B REIER L T RS, ATTEAI . P PP T

3. BN EME

o BHEURE AT BOR SIEERERIZITIRERLS , BB R B IR EIZRIRCE . Ay AW e MR T O 5 A B
PR, A TH AR 0 T RS HE ST RS T8R4

[ =]

HERP e — KW WY IRBROR , Ha2yrid B s J%, 107 T ks dn, W X Ml R 8 g 18wkt
AR R, BEE N T A HE (artificial intelligence, AD$E A, JLHEMLAR - AR~ LR, AL
RPN ) AT L RIS WA SR T R R T B N S ) . ATRERE I I A BRI
RSB G SR Ik, SRR B RN AR YT O 58, O HLRBRE X B i 1 2
FrE A sh AW, $RINAIFRCR . R, HALMIGIEZ PR, N2 BESEER G = 2k
RZARE T3 A JRy BR LA K S S50 AN sl 25 R A B 5 oK A, 5 EE A RS EOR QR . SRS 2R
BRI, SCREA Y BTAEIH S5 1297 h BN FH BRI T 1 A B ALSSS , RA T T AR
TEZWH SIY7 PR RS /B, RRBISR I 1 AL B MR 45 S TR0 A I PR SR S A R 5807 Y 2

Yr#E B A (Received): 2024-09-30; 1£17 H #A(Revised): 2024-12-10; #2 H B (Accepted): 2024-12-30

iB{Z 1€ (Corresponding author): 4=, Email: liguangyu@aliyun.com

YEE TR B A EBT 2OLT ATBOS: 2007 SR BT TR RL: 2067, I B iR S0 SR, Bdi i
W SRR K, MRS 2, i A BT SR P A 1R

Contributions: Conception and design: LI Guangyu; Administrative support: LI Guangyu; Provision of study materials: LI
Guangyu, PENG Xintong; Collection and assembly of data: PENG Xintong; Data analysis and interpretation; PENG Xintong;
Manuscript writing: PENG Xintong; Final approval of manuscript: Both authors




54 AR A} 2£4R, 2025,40(1) journal.gzzoc.com

PEo SELL AT IA P PR S BORRG g, SCEAR N T ATEH S RIZIT IR R, BTE R AR
AR ST 5 B UL AR PE A LS, D ARBMRTR A IG R S BB LA M E 275, B 1 TH A8 0 RS 1 B2
MEIRIT IR E

ES35) HEE; NTRRE; PLEss=>]; KEEEST

[FE4SZ#ES] R7772, TPI1S  [XEkARERE] A

SIAA: K, 267 N TR REHMERIT TN PRSP ()], IRBHAH, 2025, 40(1): 53-66. DOI:

10.12419/24093010.

Application of artificial intelligence in the diagnosis
and treatment of lacrimal disorders: challenges and
opportunities

PENG Xintong, LI Guangyu
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2. Eye School of Chengdu University of TCM, Chengdu 610000, China)

Abstract Lacrimal disorders are common ophthalmic conditions characterized by complex diagnostic and treatment processes,
involving intricate therapeutic approaches and diverse clinical and imaging data. Recent studies have indicated that
with the advancements in artificial intelligence (AI) technologies, particularly in machine learning and deep learning,
AI demonstrates significant potential in the early screening, accurate diagnosis, and personalized treatment of lacrimal
disorders. Al has the ability to provide more precise disease identification and treatment strategies through efficient
image analysis, multimodal data fusion, and deep learning algorithms. Additionally, it enables regular monitoring and
dynamic adjustment of patients' conditions, improving treatment outcomes. However, several challenges persist, such
as the complexity of multimodal data integration, limitations in model generalization capabilities, and the need for real-
time prediction and dynamic adjustments, all of which necessitate continuous technological innovations, algorithm
optimization, and interdisciplinary collaborations. This paper provides a comprehensive review of the current status
of Al applications in the diagnosis and treatment of lacrimal disorders, analyzing the advantages and limitations of Al
in clinical practice. It especially emphasizes the importance of integrating Al with emerging technologies to optimize
clinical decision support systems. By addressing the existing challenges and exploring strategies for technological
integration, this paper proposes future directions for the development of Al in lacrimal disorder diagnosis and treatment,
aiming to offer innovative perspectives for future researchers and valuable references for clinical practice in the field
of ophthalmology, ultimately contributing to the advancement of precision medicine and personalized treatment for
lacrimal disorders.
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Figure 1 Basic workflow of Al-assisted diagnosis and treatment
of lacrimal diseases
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Table 1 Applications of ai in the diagnosis and treatment of lacrimal diseases
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Figure 2 Workflow of AI and VR integration for assisted preoperative planning
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(I) Enhancing visual visualization through the integration of Generative Adversarial Networks (GANs) and Diffusion Models. (II) Al and VR
integration for assisting in medical data processing. (IIT) VR and Al integration for guiding phase recognition and supporting preoperative
planning through uncertainty quantification in vision (UQA) and uncertainty quantification and localization algorithm (UQLA), promoting
interactive collaboration to improve patient understanding and compliance.
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Figure 3 'The principle of a novel biosensor technology for detecting cytokines (IFN- y , IL-6, TNF- &« , MMP-9) in tear fluid
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(A) Utilization of a wireless portable electrochemical sensor for the analysis of cytokines (such as IFN- vy, IL-6, TNF- « , MMP-9) in tear
fluid for the diagnosis of ocular diseases. (B) Schematic design of the wireless portable tear fluid analysis sensor. The sensor consists of an
electrode chip and a portable electrochemical workstation. The layered design of the electrode chip includes an insulating layer, a reaction layer,
a conductor layer, and a substrate layer, from top to bottom. The workstation comprises five main units: a Bluetooth chip, a data processing chip,
a power management chip, an MS02 biosensor chip, and a charging chip. (C) Schematic diagram of the DNA tetrahedron frameworks (DTFs)
on the reaction layer electrode interface, used for assembling multidimensional HCR products for sensitive cytokine detection. (D) Simulated
diagram of the portable electrochemical workstation.(E) Capillary tear fluid collector. (F)which loads samples onto the electrode chip using
capillary action. (G) Wireless portable tear fluid analysis sensor for cytokine monitoring.
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Figure 4 Testing procedure of the silicon nanowire field-effect transistor (SiNW FET) biosensor for the detection of matrix
metalloproteinase 9 (MMP-9)
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(A) Portable SINW detection system for real-time monitoring. (B) Biosensor functionalization scheme: (I) Controlled fabrication of SINW
devices; (II) Surface modification of the devices; (III) Calibration of the equipment using optical methods. (C) Biosensor testing procedure: (I)
Collection of samples using a custom-designed tear collection device; (II) Mixing the samples with 100 . L of 100 nmol/L Phosphate Buffered
Saline (PBS); (III) Centrifugation to obtain the supernatant, and (IV) Dropping the supernatant onto the SINW device; (V) Continuous
recording of the response.
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