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Descriptive analytics
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* Shape: Histogram
* Central tendency: Mean, Median, Mode

 Variation/Dispersion: Range, Standard Deviation,
Variance, Coefficient of Variation



Diagnostic analytics
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—zoamulsaunay (Comparative Statistics):
 T-test: WFguiiisuAadgrasdasnaa
« ANOVA (Analysis of Variance): uw3suifisuaaisrassanaadul
* Chi-square test: nasgauANAFNNUES2NINAIUUSITIAUNTNADIA)
—annandxnnus (Correlation Statistics):
* Pearson correlation coefficient: dnanadnnusidadus=ninsdarudsidalzanuaasd
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Predictive analytics
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—msitpsizunisnnnas (Regression Analysis):

* Logistic Regression: vinunganuinaziiheasnaansi@sannn (du tia/lsima)
* Time Series Analysis: 3iasziidayanifusrusriumuarsunaninamanisnuusiunluauian (gu ARIMA,

Exponential Smoothing)
—Machine Learning Algorithms:

* Support Vector Machines (SVM): lgdusun1sdauunuaznisannas
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* Neural Networks: wuudraswmdugdaudiviuniszausantayas uauannuazMuNgRaansngdugay

—Evaluation Metrics drvsulainanisvinung:
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* Accuracy, Precision, Recall, F1-score, AUC: dads=ansnmmaasmsatuundaulsidinninin



Prescriptive analytics
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Artificial
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Artificial Intelligence

Umbrella term but also used in
basic Al applications such as
robot programming
search algorithms
Boolean logic

other applications.

Deep Learning

Machine Learning

Al subset.
* Anomaly detection as
in fraud prevention.

ML subset.

* Predictive analytics as
in forecasting

Image recognition
Speech to text
Identify molecular
structure in drug
research

Large Language
Models

* Chat GPT, BERT, T5
* Trained on enormous
datasets
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First Al Deep Learning Tool to Detect Heart Failure on
Chest X-Rays Outperforms Radiologists

Deep learning for the assessment of chest X-rays

Data Model architecture Al model performance
preprocessing and prediction versus radiologists
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Deep learning model utilization for mortality prediction in
mechanically ventilated ICU patients

Respiratory failure is a significant indicator of mortality prediction
compared to other related respiratory dysfunction diseases

Table 1

Features category table. Demographic: Age. Disease severity: SAPS Il. Diagnosis: Respiratory dysfunction, Respiratory failure, CHF, Diabetes,
Malignancy. Laboratory results: Maximum hemoglobin (g/dl), Minimum lactate (mmol/L), Minimum BUN (mg/dl), Minimum PaO2 (mmHg),
Maximum PaCO2 (mmHg), Minimum PaCO2 (mmHg). Others: Vent Duration (Hour).

Category Features Category Features

Demographic Age (years) Laboratory results Maximum hemoglobin (g/dl)

Disease severity SAPS 11 Minimum lactate (mmol/L)

Diagnosis Respiratory dysfunction Minimum BUN (mg/dl)
Respiratory failure Minimum Pa0O2 (mmHg)
CHF Maximum PaCO2 (mmHg)
Diabetes Minimum PaCO2 (mmHg)
Malignancy Others Vent Duration (Hour)

Negin Ashrafi, Yiming Liu, Xin Xu, Yingqgi Wang, Zhiyuan Zhao, Maryam Pishgar, Deep learning model utilization for mortality prediction in mechanically
ventilated ICU patients, Informatics in Medicine Unlocked, Volume 49, 2024, 101562, ISSN 2352-9148,
https://doi.org/10.1016/j.imu.2024.101562.
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Fig. 2. Neural network architecture op-level. This figure shows the details of the neural  paple 5

network architecture. Evaluation metrics and confidence interval for seven models. We used a total of seven
different models, KNN, Logistic Regression, Decision Tree, Random Forest, Bagging,
XGBoost, and SVM. The evaluation metrics included AUROC, AUROC 95% CI and
accuracy score.

Models AUROC AUROC 95% CI Accuracy
KNN 0.605 [0.578-0.634] 0.809
Logistic Regression 0.851 [0.829-0.871] 0.783
Decision Tree 0.623 [0.595-0.652] 0.809
RF 0.809 [0.784-0.833] 0.860
Bagging 0.765 [0.734-0.794] 0.845
XGBoost 0.854 [0.832-0.872] 0.876

SVM 0.851 [0.828-0.874] 0.881
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Fig. 10. SHAP value based on neural network model for the test set. Predictors:
Respiratory failure, diabetes, age, SAPS II Score, maximum hemoglobin, minimum
lactate, CHF, vent duration, minimum bun, minimum PaCO02, maximum PaCO2,
minimum PaO2.
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Fig. 11. Feature importance is based on Neural Network model for the test set.
Predictors: Respiratory failure, diabetes, age, SAPS II Score, maximum hemoglobin,
minimum lactate, CHF, vent duration, minimum bun, minimum PaCO2, maximum
PaCO2, minimum Pa02.
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Kann1sSN1VIUYdY Machine Learning
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Total Transfusion Nontransfusion

Factor (h = 232) (h = 88) (h = 144) P value

Gender* .03

Male 78 (100) 57 (73.1) 21 (26.9)

Female 154 (100) 31 (20.1) 123 (79.9)
Age (yr)tmedian (range) 75 (40,94) 73 (41,88) 75 (57,89) 59
BMI (kg/m2)+mean (SD) 23.9 (3.7) 21.02 (3.5) 25.32 (3.6) 28
ASA* .009

| 31 (100) 0 (0) 31 (100)

| 195 (100) 85 (43.6) 110 (56.4)

V 6 (100) 3 (33.3) 3 (66.7)

* chi-square, t Ranksum, # independent t test, § Fischer exact test, ansAndudnuiu (Fosay) sniuszuiueg19du



demographic data

Total

Transfusion

Nontransfusion

Factor (h = 232) (n = 88) Gy = TH4) P value

Gender* .03

Male 78 (100) 57 (73.1) 21 (26.9)

Female 154 (100) 31(20.1) 123 (79.9)
Age (yr)tmedian (range) 75 (40,94) 73 (41,88) 75 (57,89) 59
BMI (kg/m2)+mean (SD) 23.9 (3.7) 21.02 (3.5) 25.32 (3.6) 28
ASA* .009

Il 31 (100) 0 (0) 31 (100)

1] 195 (100) 85 (43.6) 110 (56.4)

\Y 6 (100) 3 (33.3) 3 (66.7)

* chi-square, t Ranksum, # independent t test, § Fischer exact test, wanAtuduiu (3oeaz) sniuszyiluegedu

Total

Transfusion

Nontransfusion

Factor (n = 232) (n = 88) (n = 144) P value
Co-morbidity*
DM 41 (100) 17 (41.5) 24 (58.5) O
HT 131 (100) 52 (40) 79 (60) 24
CKD 40 (100) 35 (88.5) 5(12.5) .03
MI 13 (100) 6 (46.2) 7 (53.8) 27
CVA 14 (100) 8 (57.1) 6 (42.9) 43
Hb#, mean (SD) 11.94 (1.7) 11.01 (1.6) 12.4 (1.6) .001*
Hct#, mean (SD) 35.78 (4.3) 33.02 (4.1) 37.13(4.2) .001*
Garden Classification§ 43
I 0 (0) 0 (0) 0 (0)
Il 49 (100) 10 (20.4) 39 (80.9)
[ 162 (100) 71 (48.1) 91 (51.9)
\% 21 (100) 6 (28.6) 15(71.4)
Duration (day)t, median (range) 3(1,15) 3(1,15) 3(1,9) 089

§ , < ' 3 W o
* chi-square, t Ranksum, # independent t test, § Fischer exact test, uansanuduiu (Sevaz) UnL"fu‘is‘tgLfluamaau



perioperat-ive,—uw;:postoperative

Multivariate logistic regression

Total Transfusion Nontransfusion
Factor P value
(n = 232) (n = 88) (n = 144)
Type of anesthesia* A7
GA 93 (100) 50 (53.7) 43 (46.3)
SB 139 (100) 38 (27.3) 101 (72.7)
Operative time (min)t 60 (25,140) 55 (25,105) 55 (45,100) .25
median (range)
Intraoperarive blood loss 150 (20,900) 260 (30,700) 180 (20,800) 01*
(cc)tmedian (range)
Type of prosthesis*
Cemented bipolar 46 (100) 40 (86.9) 6(13.1) .0001*
Cementless bipolar 168 (100) 40 (24.8) 128 (75.2) .058*
Cementless THA 18 (100) 8 (44.5) 10 (55.5) 44
Postoperative anticoagulant® 79 (100) 36 (45.6) 43 (54.4) 31
Transamine used* 31 (100) 6 (19.4) 25 (80.6) 53
Postoperative NSAIDs* 106 (100) 33 (31.1) 73 (68.9) 42
Length of staytmedian (range) 8 (5,72) 7(7,63) 7(5,43) .10

g . ' ° v w " a
* chi-square, T Ranksum, # Independent t test, § Fischer exact test, wansAndudnuiu (Gevay) ﬂnnuszqﬁfmamdau

Decision Tree-1

Random KForest

Result-1

Result-2

Decision Tree-2

Decision Tree-N

Result-N

Majority Voting / Averaging

L* l

Final Result

Factor OR 95%Cl P value
Gender
Male 1.98 1.12-2.74 (2%
Femle 0.87 0.78-1.26 52
Age 0.99 0.67-1.96 2
BMI 0.96 0.94-1.23 |
ASA 0.80 0.69-0.93 6
Underlying disease
DM 1.05 0.46-1.36 920
HT 0.89 0.85-2.36 64
M 1.12 0.091-1.31 .052
CKD 3.67 3.40-7.50 022
CVA 0.86 0.64--2.15 .748
Hb (Pre-op) 1.14 0.84-1.23 25
Multivariate logistic regression
Factor OR 95%Cl P value
Type of Anesthesia
GA 0.83 0.41-1.65 602
SB 0.33 0.87-2.62 .
Type of prosthesis
Cemented bipolar 2.1 1.58-2.63 .03*
Cementless bipolar 0.48 0.29-2.13 .20
Cementless THA 1.01 0.41-3.82 .38
Transamine used
Pre-op 0.58 0.34-2.98 053
Post-op 0.27 0.03-2.47 2D
Post-op anticoagulant 0.53 0.84-1.55 .35
Post-op NSAIDs 0.51 0.20-1.27 4D
Length of stay 0.98 0.96-1.13 29

* chi-square, t Ranksum, # independent t test, § Fischer exact test




Machine Learning

Program (Main)
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1. @anuwazia (male) 1re= 1 uae= 0, salan (CKD) du=1 1didu=0,
Tsavalarnadan (IHD) 1Tu =1 Tailu = 0, siimwas prosthesis wuvls
cement (cemented) (ilu=1 ladu=0,ASA(I=1,11=2,1lI=3, IV
= 4) \ilu feature #ianwnsadludounu 1asiayanananles

2. inanasraiu data model Tmelds Random Forest classifier uaaan plot

ROC curve (receiver operating characteristic curve)
3. ulawmansnsol

ar i e
FRLINGNIF MU

tilaemileane 84 1, AlsarlszansiaAa CKD, 14 prosthesis cemented, ASA IlI

© rmydata=([[0,1,0,1,3]])
array = model.predict(mydata)

print('Patient need not tranfusion') if array[@] == 0 else print ('Patient may need transfusion’)



Embracing Al in Healthcare:
Enabling Nurses to be Nurses
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Current applications of Al in nursing practice

1. Clinical Decision Support
System - Assessment & Diagnhosis

2.Workflow Optimization

3.Personalized Care Plan and
Management

4.Medication management & error
reduction

5.Remote Monitoring and
Telehealth




Clinical Decision Support System - Assessment & Diagnhosis

Portable Handheld Device for

Glaucoma Screening and Diagnosis

tnsaviasuiuaiNeurOptics - NPi

https://www.ipi-singapore.org/tech-offers/175301/portable-handheld-device-for-glaucoma-screening-and-diagnosis.html|



A cluster-randomized controlled trial of a nurse-led
artificial intelligence assisted prevention and
management for delirium (Al-AntiDelirium) on
delirium in intensive care unit: Study protocol

* the Clinical Practice Guidelines for the Prevention and Management of Pain, Agitation/Sedation,
Delirium, Immobility, and Sleep Disruption in Adult Patients in the ICU (PADIS guidelines)

* the use of the ABCDEF bundle approach for minimizing modifiable risk factors to decrease the onset of
ICU delirium. (A) assess, prevent, and manage pain; (B) both spontaneous awakening trials and
spontaneous breathing trials; (C) choice of analgesia and sedation; (D) delirium assessment,
prevention, and management; (E) early mobility and exercise; and (F) family engagement and
empowerment.

 Toreduce the incidence of ICU delirium and improve adherence to the ABCDEF bundle among ICU
nurses, our research team developed the Artificial Intelligence Assisted Prevention and Management
for Delirium (Al-AntiDelirium) platform based on the PADIS guidelines and the principles of system
design.

e The Al-AntiDelirium tool consists of 4 functional modules: the delirium assessment module, the
delirium risk factors assessment module, the nursing care plan module, and the care activity checklist
module

Zhang S, Cui W, Ding S, Li X, Zhang X-W, Wu Y (2024) A cluster-randomized controlled trial of a nurse-led artificial intelligence assisted prevention and management for delirium (Al-AntiDelirium) on
delirium in intensive care unit: Study protocol. PLoS ONE 19(2): e0298793. https://doi.org/10.1371/journal.pone.0298793



STUDY PERIOD

Enrolment | Allocation Post-allocation Close-out

0 ts tz
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TIMEPOINT -ty (discharge from the

ENROLMENT:

Eligibility screen X

Informed consent X

Allocation X

INTERVENTIONS:

Al-AntiDelirium ¢

-

The PADIS
guidelines
(Implementation
Version)

+
3

ASSESSMENTS:

Demographics X X

questionnaire

Incidence of ICU
delirium X X

Duration of ICU X
delirium

Length of ICU stay X

Length of hospital
stay

X | X | X | X

ICU mortality X

In-hospital X
mortality

Cognitive function X

Activities of daily X
living

Adverse events X X X

Fig 1. Schedule of enrolment, interventions, and assessments. Al-AntiDelirium: the Artificial Intelligence Assisted

Prevention and Management for Delirium, PADIS guideline: the Pain, Agitation, Delirium, Immobility, and Sleep
(PADIS) Guidelines.

hitps://doi.org/10.137 1/joumnal pone.0298793.9001

Table 1. Interventions targeting risk factors.

Risk Factor

Intervention

Hearing impairment

« Speak loudly, slowly, and patiently
« Assist patients in wearing hearing aids correctly

Visual impairment

« Remind family members to bring eyeglasses to the ICU at next visit
« Assist patients in wearing eyeglasses correctly

Pain

« Provide non-pharmacological interventions, such as distraction and relaxation
therapy

« Use analgesics as prescribed

Use of anesthesia or
sedatives

« Adjust sedative dose according to RASS and maintain light sedation (RASS score >
-2)

 Implement spontaneous awakening trial

Mechanical ventilation

« Conduct spontaneous breathing trials as prescribed
 Monitor patient’s respiratory status

Indwelling catheter

» Remove catheter as soon as possible
« Conduct timed urination

Infection

« Reduce invasive surgery
« Avoid unnecessary catheterization
« Advise doctors to remove catheter as soon as possible

Immobility

« Level 0: Advise patients to rest in bed and restrict activity

« Level 1: Help patients perform passive range-of-motion exercises, 10 times for each
joint

« Level 2: Help patients perform active range-of-motion exercises in bed for 10-20
min

» Level 3: Help patients sit on bedside for 20 min;

» Level 4: Assist patients to stand still at the bedside for 5-10 min

« Level 5: Assist patients to walk along the aisle for 5-10 min

Sleep deprivation

 Reduce duration of sleep during the day by 1 or 2 hours
« Assist patients to wear earplugs or anti-noise equipment
« Assist patients in wearing eye masks

No visits by family
members

« Encourage family visits

https://doi.org/10.1371/journal.pone.0298793.t001
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Innovative Al Applications in Healthcare:
Shaping the Future of Triage and Patient Management

Intery nal Journal of Medical Informatics 197 (2025) 105838

ek Contents lists available at ScienceDirect
E ey

S

% “;:\L International Journal of Medical Informatics |

— - — Types of Al triage models

. journal homepage: www.elsevier.com/locate/ijmedinf et

Al-driven triage in emergency departments: A review of benefits,
challenges, and future directions

e Data-Driven Al: These learn from
arge sets of clinical data to find
patterns and predict risks. They
get better over time as they see
more cases.
N Triage Decision |, roved ED @ Model-Driven Al: These use fixed
A rules based on medical guidelines
to make sure decisions follow

standard care

Adebayo Da’Costa “, Jennifer Teke ", Joseph E. Origbo “, Ayokunle Osonuga *,
b,g,h,i,

Eghosasere Egbon', David B. Olawade "'

N\

Patient Input Data Collection

Algorithmic Analysis Real-time Feedback NLP Interpretation
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Applications of Al and Machine Learning in Emergency Dispatch

e Analyzing Callers’ Words and Emotional States

e Automated Call Routing and Triage

e Predictive Analytics for Emergency Response
o Integration with Wearable Health Monitors

| D e Enhanced Communication and Coordination

Sentiment Analysis Process o Real-Time Mapping and Data Sharing

Using Deep Learning ] o
o Improving Interagency Collaboration
Prep::::t:ssing naéyms £ 5:::::19 ® Accu ra.cy a.nd Real-Time TraCking

e Language Translation and Accessibility
e Integration with loT and Smart City Infrastructure




Novel machine learning model to improve performance of an
early warning system in hospitalized patients: a retrospective

multisite cross-validation study

Hojjat Saiehinejad,“""*’ Anne M. Meehan, Parvez A. Rahman,® Marcia A. Core, Bijan J. Borah,“ and Pedro J. Caraballo®*'

’Kern Center for the Science of Health Care Delivery, Mayo Clinic, Rochester, MN, USA
|"'Department of Artificial Intelligence and Informatics, Mayo Clinic, Rochester, MN, USA
‘Department of Medicine, Mayo Clinic, Rochester, MN, USA

Department of Information Technology, Mayo Clinic, Rochester, MN, USA
“Department of Quantitative Health Sciences, Mayo Clinic, Rochester, MN, USA
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Development of an early-warning system for Key Predictors

h|g h-risk patients for suicide attem pt u Sing deep . Mental health disorders (depression, bipolar, anxiety)
. . e Substance abuse
learning and electronic health records - Impulse control disorders |
« Socioeconomic factors (unemployment, low income)
Le Zheng'?, Oliver Wang®, Shiying Hao'?, Chengyin Ye*, Modi Liu?, Minjie Xia®, Alex N. Sabo>®, Liliana Markovic™®, « Age-related differences:
Frank Stearns®, Laura Kanov®, Karl G. Sylvester’, Eric Widen®, Doff B. McElhinney', Wei Zhang®, Jiayu Liao™'® and « <25: pain-related and physiological disorders
XL o o 25-54: prior attempts, personality disorders, substance abuse
( Data Warehouse High Risk i
Construction Whole Population Risk Stratification Population Clinical Intervention

() [ tatalal | [ fads [ Rt ] faf SRR
ﬂ'T? :> Lowrn;iskrn;-) High!sk +). :> ‘ :> Individual analysis and

cohort cohort precision intervention
.. " ® Risk stratification to identify |* geggriiphi; distfib:'ﬁ(;" .. e Decision interpretation to | * gfiVing fea;}lfe atr;alysis
i . e high risk individual * atient pattern analysis o rovide individual - emographic patterns
Determinants 0y R askindisiouais + Individual intervention design /| ® ¢ ® prowiclo I Metls +  Social-economic patterns
/ / intervention \

‘ D e.ep Learping ' ‘ Decision Interpretation '
Live Engine Live Engine

4 : | —) (e
E - - O T sneeze .
s h KA S P | age * driving
1

L]

-
speeze X ~ .
&ety v > N s

=l e 7 | :
Comprehensive .8y ¥~ |:> - anxiety features v .
literature extraction and Y I Interpreta- homeless ineless :
Prediction review manipulation | Model o .'1_
\L e ) \L Data and prediction Physician reviey

Fig. 1 Development of risk of suicide attempt early-warning system. The system is consist of the deep learning live engine and the decision
interpretation live engine. The deep learning engine is design to provide a real-time risk stratification for the whole population, so that the high-risk
population can be found in advance. The decision interpretation live engine is used to analyze the driving features of the high-risk population and
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Zheng et al. Translational Psychiatry (2020) 10:72 https://doi.org/10.1038/s41398-020-0684-2



Digital wound assessment platform

Silhouette Wound Assessment

-

- | o

e

‘v
L ] L ] @ El
4. Results
1. Capture View wound progress .
Photograph wounds et andwonnd "™ Measurements Clinical notes
using SilhouetteStar assessment report -
\\ 3. Record ?Ifrw(r]alrjﬁzfiﬂ" Central
2. Measure Enter clinical notes
7 Review images, draw e s

wound boundaries, ol T —
generate measurements e+ S -
using SilhouetteConnect, it s

including area, depth,
volume and % area
reduction




Al-Powered Wound Care Management
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Point-of-care device and deep learning algorithms

Nurse-led home-based diagnosis of cardiac dysfunction by ultrasound:

results of the CUMIN pilot study

Performance of the algorithm using the

"' " TTE exam as the reference standard
1-day training N (paired  AUC Sens

D fIHACA IRkpes programme @ patients without history measurements) (95%)  (95%)
of heart failure underwent:

3] -
0Bé 92 81
. ................................ . €5 [0?}. 0.96] {62-”] (68-91)
= 085 80 89
g , (0.71-098) (44-98) (79-96)
: P 082 80 85
@ Home based Al-POCUS (062-100) (@899 (75-9)
: NT-proBNP >125 pg/mL
: Primary % 064 87 41
f = outcome (053-075) (60-98) (29-54)
=
‘_, = 066 91 «
. - Simultaneous POC (055-0.76) (59-99) (28-53)
- : 060 83 37
the Torso-One cardiac probe and Automated deep learning-based NTproB cesin B e el

software and POCUS device

the Kosmos Bridge tablet with Al @) on s
TRIO POCUS device EHa

NT-proBNP > 125 pg/mL
o Clinic-based standard TTE AUC significantly higher (P = 0.040) for
Al-POCUS than NT-proBNP

Novice nurse-led home-based cardiac dysfunction detection was feasible using Al-POCUS,

suggesting the possibility of greater access to screening in under-resourced settings.

Tromp J, Sarra C, Nidhal B, Mejdi BM, Zouari F, Hummel Y, Mzoughi K, Kraiem S, Fehri W, Gamra H, Lam CSP, Mebazaa A, Addad F. Nurse-led home-based detection of cardiac dysfunction
by ultrasound: results of the CUMIN pilot study. Eur Heart J Digit Health. 2023 Dec 12;5(2):163-169. doi: 10.1093/ehjdh/ztad079. PMID: 38505488; PMCID: PMC10944680.



Schaduling Pains Workflow Optimization
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Revolutionizing Infusion Nursing with Al:
Trends and Innovations

Smart Infusion Pumps and Al Integration

e Advanced Features of Al-powered Smart Pumps

e Real-time Monitoring and Automated Dose Adjustments

* Predictive Maintenance and Error Prevention Capabilities
e Telehealth Integration in Infusion Services



Al-Powered Medication Management

Towards Precision Dosing: Al - Enhanced Model Predictive Control Closed
Loop Infusion Pump for ICUs
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A Novel and Low-Cost Cloud-Enabled IoT Integration for
Sustainable Remote Intravenous Therapy Management

Chiang Liang Kok '*(%, Chee Kit Ho ?, Teck Kheng Lee >, Zheng Yuan Loo !, Yit Yan Koh ! and Jian Ping Chai !

Figure 15. IoT architecture for the infusion pump.
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Voice Recognition Tools for Nursing Charting

Dragon Medical One

SPEECH RECOGNITION M*Modal Fluen Ccy Direct
Automatic Speech Recognition System |
Designed for both
_ nurses and
""' physicians, with
B et Time speech sues deep EHR
|....‘ )y integration

speect MACOQNItION SOMWATE

|||||||||||l Real-Time Court Trial Records

ke

indudes e Record assessments while at the bedside

PowerMic Mobile

e Update charts during rounds

e Add notes between tasks

e Dictate handoff reportsSome systems even let you use
voice commands to navigate electronic health records—
Nno mouse or keyboard needed

cloud-
based, fast,
and highly
accurate.



6 Nurse Al Robots That Are Changing Healthcare in 2025

1. Moxi 2. Robot Nurse Bear 3. Robot Dinsow
4. TUG 5. Robot Paro 6. Robot Pepper
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Sensely

Sensely Corporation

triage and symptom checking

education about self-care and wellness

assessing health risk

monitoring of chronic diseases

mood tracking and basic mental health assistance
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(&) RouteHealth
Hi How can | help you today.

I'd like to book an appointment
with Dr. Maxwell,

r.
@, General Gynecologist
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Patient Compliance
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Florence Chat i
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Send automated medication reminders and notifications to patients’
devices - Medication Reminder Chatbot

Virtual healthcare educators, providing patients with valuable
information about their conditions, treatment plans, and potential
side effects- Diabetes Management Chatbot

Assist patients in scheduling appointments, sending reminders, and
following up - Post-Surgery Recovery Chatbot

Monitor and data analysis - Heart Failure Monitoring Chatbot




Challenges and Ethical Considerations

Nurse as a Validator and
Ethical Gatekeeper

e Technical challenges

e Fairnesss

e Privacy and Data Security

e Algorithmic Bias

e De-skilling - Al Overreliance

e Accountability - Human VS Al
decision making

e Work implication




Your Brain on ChatGPT: Accumulation of Cognitive
Debt when Using an Al Assistant for Essay Writing Task
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The future nurse: Al literacy requirements




Al Literacy

nav:AWawIsavavuuuvdglumswid woviu
31As1:K uazus:tdutnalulad Al Taagnvi
Us:ansaiwuazudmisauayiau souavanuwinav
Wans:nuuav Al AddavYANLADSYSSSU

1. na'lmt’iﬂ.av‘iug‘lu Al

2.mslsiasSavidouazuadwainsu Al lasgivil

Us:ansmwluddaUs:d1dutlazaisniviu
3.msuUs:ziidu Al ag1vii31sauayi1au Us:LiTUAIINUILGD

fiovovioyaua:naawsildnin Al dvAraiuuazasdd Affective
aoudnd (bias) AodtAadulus:uu Al gﬁﬁf‘g’;&'
4.as:KUnAvVISYSSSULLaznans:nud1AnIsis Al |
5.AsasivassA Al MsWwaiuiuianssuy, N1S29ALLUU
WaaAqun, KkSanisasivviuAau:
Behavioral
domains

(Authors, 20220

FIGURE 1

Received: 24 February 2023 | Accepted: 17 November 2023

DOI: 10.1111/bjet. 13411

British Journal of e
Educational Technology ki BERA

ORIGINAL ARTICLE

domains E
- -

Design and validation of the Al literacy
questionnaire: The affective, behavioural,
cognitive and ethical approach

Davy Tsz Kit Ng'® | Wenjie Wu? | Jac Ka Lok Leung®® |

Ethical

& domains
[Authors, 20210)

Cognitive

Know & understand Al

The ABCE framework.



Conceptual framework of Al literacy.

Cognitive and ethical learning Affective and behavioral
learning

C. Cognitive learning:
Apply, evaluate and create Al
Create Al-driven solutions (e.g., chatbots,

robotics) to solve problems. A. Affective learning:
Evaluate Al applications and concepts for Confident and self-efficacious
different situations users who have interests and
Apply Al applications to solve problems motivation to learn Al

Higher cognition level

E. Ethical learning:
Responsible users and

critical thinkers . .
B. Behavioral learning:

Know and understand Al Active and productive users
Know the working principles behind who can collaborate with
How Al perceives the world others and engage themselves
Know what Al is and its related terms (e.g., in Al environments
machine learning, deep learning, NLP)

Societal impacts
Know how to use Al (e.g., Siri, chatbot)

Lower cognition level

Ng, D. T. K., Wu, W., Leung, J. K. L., Chiu, T. K. F, & Chu, S. K. W. (2024). Design and validation of the Al literacy questionnaire: The affective, behavioural,
cognitive and ethical approach. British Journal of Educational Technology, 55, 1082-1104.
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Nursing Next: Enhancing Patient Care in the Age of Al
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