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AI-enabled care should be human-
centered, nurse-led, and clinically useful.
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01 Policy：Clear direction

Healthy China 2030

Promoting High-Quality 

Development of Nursing Services

“Smart Hospital” pilot initiative

Demand：

Realities：

Aging population

Acute & NCD patients ↑

Continuous care needs ↑

6M RNs / 1.4B population

Workforce shortage & inequity

Need scalable support

04 Capital：Rapid growth

NIS investment: 8.2B RMB

NIS use: 96%–98% hospitals

Digital foundation established

Large care 
needs

Nurse 
Shortage
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Many nursing 
tasks remain 

partly or fully 
manual (only 

~12% of 
workflows fully 

digitized

Fragmented 
systems and lack 
of nurse input in 
design have led to 
poor workflow fit

Nurse feedback 
has often been 

lacking, so digital 
tools sometimes 
disrupt rather 

than streamline 
care
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Nurses：the Main Force to Closs the Gap

12journals.lww.com,

Nurses are the primary 

caregivers

Their frontline 
insights ensure tech 
truly fits real care 
workflows

Involving nurses in 
system design

Making tools more user-
friendly and boosts 
adoption by staff

Nurse-led innovation 

Digital nursing systems reduce 
burden and enhance patient care
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Personalized dose
Doses change with rapid 
clinical status variation

Complex Calculation
Multiple Medications, High 
intensity

Frequent Adjustments
Doses change with rapid 
clinical status variation

❑ Medication dosing errors account for a large proportion of IV-related adverse 
events, especially under conditions of limited staffing

Error Rate: 28% － 34.5%！
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Pre-Admin
Dosage Retrieval and 
Calculation Errors

Admin
Phase

Infusion Pump 
Setup Errors

One of the top 6 globally 
recognized medical hazards

Dose-rate order entered as pump rate
→ microinfusion pump errors

❑ Complex conversion from dose to infusion rate

Manias E. Medication errors in hospitalised children[J].J Paediatr Child Health
Tully MP.用药安全[M].科学技术文献出版社,2019

❑ Confusing units: e.g., μg/kg/min vs. mL/h

❖ “Is the rate 5 μg/kg/min or 5 mL/h?” – A common and 
dangerous misunderstanding

Dosing or
Rate?
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Dose Calculation Display Rate Verification

Efficiency↑
Accuracy↑

Standardized quality & Safe 
medication

Protects vulnerable 
populations

Social ValueClinical Value Economic Value



Clinical Value
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DRA DCA IRSA
Total Time

 (sec)
Novice Time 

(sec)
Experienced Time 

(sec)

Traditional 141（94％） 133（89％） 144（96%） 17.09±5.22 20.07±5.19 14.11±3.14

New AI-Based 150（100％） 150（100％） 150（100％） 15.15±2.74 15.85±2.79 14.13±2.66

χ² Value 9.278 18.021 6.122 3.451 5.459 -0.038

P Value 0.003 ＜0.001 0.03 0.001 ＜0.001 0.970

Comparison of Accuracy and Efficiency Between Traditional and 
New AI-Based Methods n(％)

Note: DRA = Dose Retrieval Accuracy; DCA = Dose Calculation Accuracy; IRSA = Infusion Rate Setting Accuracy
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Nursing Time Saved
For every 10,000 infusion operations, This system saves 
approximately 6.95 hours of nursing labor.

Accuracy↑   

DRA DCA IRSA
Total Time

 (sec)
Novice Time 

(sec)
Experienced Time 

(sec)

Traditional 141（94％） 133（89％） 144（96%） 17.09±5.22 20.07±5.19 14.11±3.14

New AI-Based 150（100％） 150（100％） 150（100％） 15.15±2.74 15.85±2.79 14.13±2.66

χ² Value 9.278 18.021 6.122 3.451 5.459 -0.038

P Value 0.003 ＜0.001 0.03 0.001 ＜0.001 0.970

Comparison of Accuracy and Efficiency Between Traditional and 
New AI-Based Methods n(％)

Efficiency↑   

Note: DRA = Dose Retrieval Accuracy; DCA = Dose Calculation Accuracy; IRSA = Infusion Rate Setting Accuracy
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Medical Costs Increased
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ICU Delirium

Incidence Varies

20%~87%

Prolonged Mech Ventilation

Prolonged In-hospital Stay

Complication Increased

Mortality Increased

Medical Costs Increased

Pharmacological

Non-

Pharmacological

ABCDEF bundle

Poor Adherence

Complicated

Poor

Effectiveness

Background
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Tools Items Results

Delirium Assessment Risk Factor Assessment

Assess Form Results History

AI-Generated Care Plan

HistoryInitial Status Care Plan

Intervention Checklist

Reminder HistoryChecklist
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Assess Form Results History
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AI-Generated Care Plan

HistoryInitial Status Care Plan

Intervention Checklist

Reminder HistoryChecklist



Accuracy of the Smart Delirium Assessment Tool（iMoBILE）
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Rater
Positive

N (%)
Sensitivity （95% CI）

Specificity

 (95% CI) 

Phase I (n=181）
Nurse Investigator 

A
68 (37.6%) 95.2 (92.0-98.5) 93.3 (88.3-96.3)

Nurse Investigator 

B
67 (37.0%) 93.7 (90.0-97.4) 93.2 (88.3-96.3)

Phase II (n=192)

Bedside Nurses 55(28.6%) 86.7(81.9-91.5) 97.7(95.6-99.8)

Yang, Wu, et al. 2021, International Journal of Nursing Studies
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The AI-AntiDelirium Significantly Improved Outcomes

33

Outcome

Mean (SD) [No. of participants] Relative Effect

of AI-AntiDelirium

(95% CI)

P value
Intervention Group

Control 

Group

Duration of ICU delirium, daysa 1.9 (0.9) [100] 2.3 (1.1) [140] -0.52 (-0.83, -0.22) .001

Length of ICU stays, daysa 2.9 (1.8) [724] 3.0 (1.8) [731] -0.16 (-0.34, 0.03) .10

Length of hospital stays,daysa 11.9 (4.0) [724] 12.6 (4.2) [731] -0.80 (-1.29, -0.30) .002

MMSE scores at ICU dischargea 25.9 (3.8) [694] 24.9 (4.0) [727] 0.16 (-0.27, 0.60) .46

Barthel Index at ICU dischargea 42.5 (19.7) [694] 34.3 (9.9) [727] 5.34 (3.63, 7.05) <.001

severe (≤40) to severe (≤40) 

dependence, No. (%) b
462 (73.8) [626] 628 (88.5) [710] 0.29 (0.19, 0.43) <.001

severe (≤40) to moderate (41-60) 

dependence, No. (%) b
78 (12.5) [626] 70 (9.9) [710] 2.52 (1.55, 4.09) <.001

severe (≤40) to mild (≥61) 

dependence, No. (%) b
86 (13.7) [626] 12 (1.7) [710] 3.01 (1.42, 6.38) .004

ICU mortality, No. (%) c 8 (1.1) [696] 6 (0.8) [728] 1.86 (0.32, 10.69) .49

Unplanned extubation, No. (%) b 3 (0.4) [696] 2 (0.3) [728] 1.13 (0.18, 7.17) .90
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To develop a Site-Specific 

Prompt Engineering Chatbot 

(SSPEC) 

To collect a large-scale corpus 

of real-world Nurse-Patient 

conversations

To compare the performance of 

SSPEC and nurses in 

answering patient queries in a 

simulated environment

To establish a nurse–SSPEC 

collaboration model and 

evaluate its effectiveness 

through RCT



Dataset Collection Overview

40
Total: 35,418 recorded nurse–patient dialoguesDuration of voice data collection (min)
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Performance of Nurses VS Nurse-SSPEC
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Primary Outcome

Patients satisfaction is higher

with nurse–SSPEC（3.91 ± 0.90）
than nurses（3.39 ± 1.15，P < 

0.001）

Secondary Outcomes

Redundant Q&A rate ↓：3.2% vs. 

14.4%（P < 0.001）

Proportion of negative emotions

↓：2.4% vs. 7.8%（P < 0.001）

Overall answer quality improved

Completeness

Consistency

Comprehensibility



44

(2)



The Clinical Gap in Dysphagia Screening
Major Safety Issue for Post-Stroke Care

45
Liu et al., lEEE Transactions on Neural Systems and Rehabilitation Engineering, 2026



The Clinical Gap in Dysphagia Screening
Major Safety Issue for Post-Stroke Care

46
Liu et al., lEEE Transactions on Neural Systems and Rehabilitation Engineering, 2026



The Clinical Gap in Dysphagia Screening
Major Safety Issue for Post-Stroke Care
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Liu et al., lEEE Transactions on Neural Systems and Rehabilitation Engineering, 2026

The Clinical Need:

A tool as easy as 

bedside

screening 

but as reliable as 

VFSS.
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Unlocking Insights: Breathing-Swallow Coordination
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Analyzes the micro-pauses between breathing and swallowing 

Detects subtle risks that human ears might miss
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Clinical Validation
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Cohort: 217 Participants (109 post-stroke 

patients + 108 healthy controls)

Dataset: 2,664 swallowing samples 

analyzed (7:3)

Model remains highly robust

Achieving 91.9% accuracy even only use 10% of the dataset
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NursGPT: Toward General Nursing AI
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NursGPT: A Multidisciplinary Research Team

LLM research 

enterprise partners

Nanjing KGT Data Technology Co., Ltd.

PI & Overall Design
Prof. Ying Wu Research Team

Capital Medical University

Prof. Ying Wu

Faculty 
Member

Faculty 
Member

Faculty 
Member

Faculty 
Member

PhD 
Student

PhD 
Student

PhD 
Student

PhD 
Student

PhD 
Student

PhD 
Student

PhD 
Student

PhD 
Student

PhD 
Student

Master 
Student

Clinical nurses & 

nursing scientists

Xiwei Zhang
Director of Nursing

Lixin Zhang
Head Nurse

Jun Wang
Deputy Director 

of Nursing

Shu Ding
Deputy Director 

of Nursing

Data scientists & 

model evaluators

Prof. Ning An  

Department of Computer Science 

and Technology

Hefei University of Technology

Nursing system 

developers

Beijing Heshun Huikang 

Technology Co., Ltd.

58
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 When nurses lead 

innovation, technology works 

better

 Digital innovation in 

nursing is no longer optional — 

it's essential

 AI and LLMs open the 

door to general nursing AI

 NursGPT connects 

assessment, decisions, action & 

follow-up

The future of nursing innovation is human-centered, 

nurse-led, and AI-empowered



Thank You

October 21

Ying Wu
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