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o U'ng dung Hién tai ctia Al trong H6 hap
e Thach thirc va Han ché

e Pinh hwéng Twong lai cho H8i H6 hap TP HCM



BGOi canh va Tam quan trong

* Boi canh thach thic trong H6 hap:
 Gia tang ganh nadng bénh tat (COPD, hen suyén, ung thu phdi, COVID-19).
* Nhu cdu cép thiét vé chan doan sém, ca nhan héa diéu tri va quan ly
bénh man tinh hiéu qua hon.
* Vai tro ctia Al: Al khéng chi la cong cu ma la "nguwdi thay doi cudc
choi" (game-changer), mang lai toc d6, d6 chinh xac va kha nang
phan tich df liéu khong 16 ma con ngudi khong thé dat dugec.
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- Hand designed features:
Creatinine’!, Lactate, log(WBC)

- Features:
Creatinine, Lactate, WBC

1. 1. Goodfellow et al., Deep learning
(The MIT Press, Cambridge,
Massachusetts, 2016), Adaptive
computation and machine learning.
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Figure 1.5: Flowcharts showing how the different parts of an AT system relate to each

other within different AT disciplines. Shaded boxes indicate components that are able to

mi | learn from data.
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Let’s get in sync: current standing and future =

of Al-based detection of patient-ventilator
asynchrony

Thijs P. Rietveld', Bjérn J. P. van der Ster', Abraham Schoe?, Henrik Endeman’, Anton Balakirev*, Daria Kozlova®,
Diederik A. M. P. J. Gommers' and Annemijn H. Jonkman' ®

Results MNineteen studies were identified. Multiple forms of Al have been used for the automated detection of PVA,

including rule-based algorithms, machine learning and deep learning. Three licensed algorithms are currently
reported. Results of algorithms are generally promising (average reported sensitivity, specificity and accuracy of 0.80,
0.93 and 0.92, respectively), but magst algorithms are only available offline, can detect a small subset of PVAs (focus-

ing mostly on ineffective effort and double trigger asynchronieg), or remain in the development or validation stage
(84% (16/19 of the reviewed studies)). Moreover, only in 58% (11719) of the studies a reference method for monitor-
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Rule-based algorithms
Rule-based algorithms are one of the earliest, simplest
forms of Al and include manually determined rules and
thresholds [26], based on expert knowledge/consensus

[27]. These algorithms have seen widespread application

in clinical monitoring software [28], likely due to their

transparent and comprehensible nature.
Table 1 Characteristics of selected rule-based algarithms (studies are arranged chron
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Author Type of PVA  Population Input data Algorithm
Rodriguez et al. Reverse trigger, ARDS patients Paw and flow Rule-based
[30] double trigger  on volume-con-  waveforms algorithm
trolled ventilation
Baedorf-Kassis Reverse trigger 15 ARDS patients  Flow, pressure, Rule-basead soft-
et al. [29] (23,321 breaths)  volume and Pes  ware and modi-
wavelarms, fied Reshat
Camphsell dia- network
o grams (P loops)




- Hand designed features:
Creatinine’!, Lactate, log(WBC)

- Features:
Creatinine, Lactate, WBC

1. 1. Goodfellow et al., Deep learning
(The MIT Press, Cambridge,
Massachusetts, 2016), Adaptive
computation and machine learning.
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Cac loai hoc may

* Hoc may co giam sat (Supervised)
 —Pauvao: dit liéu huén luyén + dau ra mong muodn (nhan)
* Hoc may khong giam sat (Unsupervised)

e —DPauvao: dit liéu huan luyén (khéng cé dau ra mong muon)
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SUPERVISED LEARNING

Supervised machine learning is a branch of artificial intelligence that focuses on
training models to make predictions or decisions based on labeled training data.
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UNSUPERVISED LEARNING

Unsupervised learning is a type of machine learning where the algorithm learns
from unlabeled data without any predefined outputs or target variables.

Input Raw Data

& DatabaseTown

@beled Data

Interpretation

G

Algorithms

2026 Number of categories known or unknowna™

o =i

Outputs

Processing

—




Hoc khong giam sat

[ Training I features
Doc‘ur‘:)“ents Vecors
Jreces. i
unds...
‘ Ll ‘ Algorithm

|
|

#:X Likelihood
Bocidint features or
image, vector [IIL) Model Chuslar:Id
Sound... Better
HRS T representation

2026




classification Kernel
Approcimation
SVC SGD
Ensembla KlVeighborz :
Chassifiers Classifier

Clustering
M

CTITISTE R
e gnrics

YES
<10k N
=mples

i
MiniBatch X YER
KMeans Meanshift

LK

T

scikit-learn W veswue
algorithm cheat sheet

Lasso I — :
et T ="rhi")
Enszembla
Fepressors

1

I SVERI kermcl="limear") I

Isoldap
M J Eipm'l -
‘t-l:lll,g]l YER E
Tuck —f pruicting
“"ff M'cn_pl Eernel ] dj]]lEHSiﬂllﬂ]jt}'
Approximation reduction




regression

SGD
Regressor

Khéng giam sat

nomber o

categories
~TES known

NO
10K -
samples -
YES




- Hand designed features:
Creatinine!, Lactate, log(WBC)

- Features:
Creatinine, Lactate, WBC

1. 1. Goodfellow et al., Deep learning
(The MIT Press, Cambridge,
Massachusetts, 2016), Adaptive
computation and machine learning.
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Machine Learning vs. Traditional Programming
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OPEN Machine learning vs. traditional
regression analysis for fluid
overload prediction in the ICU

Andrea Sikora?, Tianyi Zhang?, David J. Murphy?, Susan E. Smith?, Brian Murray*,
Rishikesan Kamaleswaran®®, Xianyan Chen?, Mitchell S. Buckley’, Sandra Rowe® &
John W. Devlin®1%

(n=28) were collected at either baseline or 24 h after ICU admission. The optimal traditional logistic
regression model was created using backward selection. Supervised, classification-based ML models
were trained and optimized, including a meta-modeling approach. Area under the receiver operating
characteristic (AUROQC), positive predictive value (PPV), and negative predictive value (NPV) were
compared between the traditional and ML fluid prediction models. A total of 49 of the 391 (12.5%)
patients developed fluid overload. Among the ML models, the XGBoost model had the highest
performance (AUROC0.78, PPV 0.27, NPV 0.94) for fluid overload prediction. The XGBoost model
performed similarly to the final traditional logistic regression model (AUROC 0.70; PPV 0.20, NPV
0.94). Feature importance analysis revealed severity of illness scores and medication-related data
were the most important predictors of fluid overload. In the context of our study, ML and traditional
I models appear to perform similarly to predict fluid overload in the ICU. Baseline severity of illness and
ZLICE Tedicatiun regimen complexity are important predictors of fluid overload.
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Traditional regression

All variables

0.70 (0.53, 0.82)

0.82 (0.76, 0.87)

0.43 (0.19, 0.70)

Stepwise selected regression

0.70 (0.52, 0.82)

0.86 (0.80, 0.90)

0.43 (0.19, 0.70)

Supervised machine learning models

Random forest

0.76 (0.62, 0.86)

0.83 (0.77, 0.88)

0.56 (0.29, 0.80)

Support vector machine

0.69 (0.51, 0.82)

0.80 (0.74, 0.86)

0.50 (0.24, 0.75)

XGBoost

0.78 (0.62, 0.87)

0.87 (0.81, 0.91)

0.37 (0.15, 0.64)

results™”*. For example, feature importance graphs for the machine learning analyses found complexity of the
daily ICU medication regimen (i.e., MRC-ICU score), which includes the number of intravenous medication
infusions (the primary method to administer medications in this population and a primary source of fluids to a
patient), to be an important contributor to fluid overload. In comparison, in the traditional multivariable regres-
sion, the MRC-ICU score was not associated with fluid overload. This may be because machine learning analyses
better account for severity of illness and the response of clinicians to respond to this severity by administering
more medication infusions leading to a more complex daily medication regimen; however, the methods applied,
including feature importance, preclude causal inference at this juncture. As such, our results highlight the unique
power of machine learning to identify complex relationships that can be further elucidated via machine-learning

based causal inference modeling and other designs aimed at causation™*".
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International Journal of Chronic Obstructive Pulmonary Disease Dovepress

Taylor & Francis Group

5, ORIGINAL RESEARCH

Diagnosis and Severity Assessment of COPD
Based on Machine Learning of Chest CT Images

He Sui™'*, Zhanhao Mo'**, Ying Wei?, Feng Shi 2, Kailiang Cheng', Lin Liu'

Patients and Methods: The study retrospectively included 173 COPD patients and 176 healthy controls from December 2017 to
June 2023. Deep learning segmentation modules were used to automatically segment the obtamned chest CT images for lung
parenchyma, airway, pulmonary artery, and vein. Imaging features were extracted from these segmented regions. The most reliable
and relevant features were selected using Mann—Whitney U-test with a significant p-value of 0.05 and the least absolute shrinkage and
selection operator (LASS0) method. Machine learning models were established through support vector machine (SVM) classifier in
the tramming set and further tested in the internal testing set. Additional tests were performed on an external testing set with 68
individuals.
Results: In_the machine learming model for COPD diagnosis, the image model achieved AUC values of 0.98] and 0.977 in the
H training and [testing setg: with corresponding accuracies of 0.949 and 0.956 respectively. For COPD severity grading, the image model
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Cay quyét dinh (Decision Tree - CART)

» CART la gi? Viét tat clua Classification and Regression Trees. Day la
thuat toan phan nhanh di¥ liéu dua trén cac cau hoi Yes/No.

e Cau truc:
* Root Node (Nut goc): Bién sO quan trong nhat (vi du: Chi s6 mang bam).
* Decision Nodes (Nut quyét dinh): Cac tiéu chi phan loai tiép theo (vi du:
PO sau tui nha chu).
* Leaf Nodes (La): K&t luan cudi cung (vi du: Viém lgi hay Viém nha chu).

* Cuc ky truc quan, giéng nhu cach cac bac si hoi chan dé dua ra chan
doan.
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OPEN Development of a decision
tree model for predicting the
malignancy of localized gingival

enlargements based on clinical =
p < 0007 ***
characteristics ‘som 3o
Pawat Sripodok®, Puangwan Lapthanasupkul!, Tawepong Arayapisit?, oo SAer—
p < 0.001 = p=0027"
HeadiFink
Duration
| p < 0,001 ™ |
= 3 months
Red-White/\hite Firm Soft
Age
= 3 months | p= |:||'_'||:|5-'- |
‘ = 62 yio | > 52 yio

Hl:rl:li 1 I"-IUI:I-B i Hnﬁ 3 MNode 4 Node & MNode &

HRs M =618 M=T77 M= 24 M=%

B Mon-rialignant B Malignant

Fig. 1. Decision tree model for predicting malignant LGEs.
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Utilizing decision tree machine learning Learning Style: Input
model to map dental students’ preferred T
learning styles with suitable instructional gini = 0.576
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strategies value = [92, 17, 82]
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T Mot cay dén Mot "Khu ring" (Ensemble
Learning)

+ V&n dé: Mot cay quyét dinh don 1& dé bi "hoc vet"
(overfitting) hoac sai léch néu dir liéu nhiéu.

* Giai phap: K&t hop nhiéu mo hinh lai véi nhau dé dua ra
két qua chinh xac va 6n dinh hon.

* Ba chién lwoc chinh:
* Bagging (Bootstrap Aggregating)
* Boosting
* Stacking

HRS
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Ky thuat Bagging & Random Forest

* Bagging: Giam thiéu sai s6 bang cach lay trung binh

* Co ché: Xay dung nhiéu cay quyét dinh doc lap trén cac
tap d liéu con khac nhau, sau do lay s6 phiéu bau da so
(Random forest)

 U'ng dung nha khoa:

* Du doan kha nang thanh cong ctia mot ca cay ghép Implant dua
trén mat do xuong, tién sir bénh ly va hé cay ghép
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Article
Predicting the Failure of Dental Implants Using
Supervised Learning Techniques

Chia-Hui Liu >*, Cheng-Jyun Lin 3, Ya-Han Hu *>* and Zi-Hung You °*

dental implants at the case hospital for a total of 8 categories and 20 variables. Supervised learning
techniques such as decision tree (DT), support vector machines, logistic regressions, and classifier
ensembles (i.e., Bagging and AdaBoost) were used to analyze the prediction of the failure of dental
implants. The results show that DT with both Bagging and%&dabnus techniques possesses the
highest prediction performance for the failure of dental implant (area urider the receiver operating
characteristic curve, AUC: 0.741); the analysis also revealed that the implant systems affect dental
implant failure. The model can help clinical surgeons to reduce medical failures by choosing the

0: Straumann™
1: Ank}rlns@'
2: XIVE®

iy

. 3: Nobeactive
Implant attribut
g mpiant attributes 4: Branemark®

5: Lifecore®

Implant system
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2026 Dzhulgakov, D. (2022). Machine learning with pytorch and Scikit-Learn: Develop

K machine learning and deep learning models with python. Packt Publishing.
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Ky thuat Boosting (XGBoost, Gradient Boost)

» C4c cay dugc xay dung tuan tu. Cay sau tap trung sta 1Oi
cho cay trudc do bang cach tang trong s6 cho cac mau di
lieu kho phan loai.

* Dac diém: D06 chinh xac cuc cao nhung can tinh chinh ky.

 U'ng dung nha khoa:
* Sang loc sdm ung thu khoang miéng tir cac biéu hién lam sang
nhoé nhat.
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Classification of Oral Cancer Into Pre-Cancerous
Stages From White Light Images Using

LightGBM Algorithm
| 125 100

BIBEK GOSWAMI ', M. K. BHUYAN !, (Senior Member, IEEE), SU -
: 101 ¢

- i}

i i -0

Benign Malignant
Pradicted

Actual
Benign

Malignant

stages, successively leading to a significant decrease in the mortality rate. In this work, a method is proposed
that can effectively differentiate between benign and malignant oral cavity lesions and also classify their
pre-cancerous stages. The method involves exploring five distinct color spaces and |extracting color and
texture features,|which are then classified using a machine learning technique called Light Gradient Boosting
Machine (LightGBM). The overall performance is promising, outperforming the state-of-art methods for
the task of oral cancer classification, with a testing accuracy of 99.25%, precision of 99.18%, recall of
| 99.31 %, fl-score of 99.24% and specificity of 99.31% for the binary classification, and testing accuracy of

2026
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Root): d6 tuvong quan mau
sac (GLCM_corr)

Cac budc tiép theo: PO
dong nhat (Homogen) va do
tuong phan (Contrast) cua
vung niém mac miéng.

M6 ung thu thuwong co cau
trdc hon loan, dé tuong
phan cao va d6 dong nhat
thap
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E 2=i

GLCM_corr_hls 5 0_ch0 <0.636

297,682 guin

AR

GLCM_corr_yee_1_0_chl <0.932
126.459 gain

leaf 0: -0.033
125.989 weight

leaf 3: -0.016
42.246 weight

lyes

GLCM _corr_his_1_0_ch0 <0.950

55.891 gain

yes

leaf 4: -0.002
18.498 weight

LRE_xyz_ch2 <820.983
50.614 gain

leaf 2: -0.005
131.989 weight

58.543 gain

SRE_xyz_ch2 <1.150

38.832 gain

GLCM _energy hsv 5 0.7853981633974483 chl <0.412

yes l\o

Contrast_hsv 3 0.7853981633974483 ch0 <2.234
39.299 gain

leaf 7: -0.033
5.250 weight

leaf 1: -0.003
35.997 weight

leaf 6: -0.024
37.747 weight

&'CS

44897 gain

GLCM_energy hls 5 0.7853981633974483 chl <0.392

leaf 8: -0.035
33.247 weight

Nno

leaf 5: -0.029
17.249 weight

leaf 9: -0.004
11.499 weight

~ FIGURE 10. Decision tree of fifth iteration for binary classification.
=
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Ky thuat Stacking

* Co ché: Thay vi dung cac cay giong nhau, Stacking két hgp cac mo
hinh khac loai (vi du: két hgp Decision Tree + SVM + Neural
Network). Mot mé hinh "Meta-learner" sé hoc cach tong hgp két
gua tu cac mo hinh nay.

* Ung dung nha khoa:

* D& tién doan nguy co sau rang co thé két hgp k-nearest neighbors
(KNN) va logistic regression (LR) hay KNN+LR+MLP

HRS
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Development and evaluation of a multi-model stacking
approach for caries risk assessment in adults using

supervised machine learning

Mohd Hidir Mohd Atni,’? Nik Mohd Mazuan Nik Mohd Rosdy,> Mohd Azrul Amir
Rusly,* Noor Asilati Abdul Raob™ and Budi Aslinie Md Sabri*'

A random selection of 25 test cases was
discussed and classified by four senior

dental public health lecturers, establishing
a gold standard benchmark. The three most

HRS
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Table 2 Performance metrics of optimised machine lez

Model K-fold | Accuracy (95% CI)
KNN+ LR : ?d_g;;f?—m.%w}
KNN+LR+MLP : ?ﬂ?ﬁgfaga—ﬂ_gaaaj
Random forest 17 ?{fgﬂgfg_{]g[}ﬂ]
Extreme gradient boosting | 17 E}féjgzalﬂg_g_gm]
Decision tree 3 ?{ji&?pﬂﬁ?ﬁﬂj



Fig. 2 Cohen’s kappa agreement for human raters and machine models against benchmark
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Deep learning (DL)

DL is a sub-field of ML, characterized by the use of neu-
ral networks that mimic the structure and function of
biological neural networks [26]. It is less transparent than
ML and automatically selects features from the raw data.
Training of the algorithm can be either supervised or

unsupervised and occurs with or without labelled input

dﬂtﬂ_ rntnnr*fiv.r:ilw 21 ™1 'i: Aftan casn a9 ‘hlarl ko' . . '
Detection of patient-ventilator asynchrony from mechanical ventilation

waveforms using a two-layer long short-term memory neural network

Lingwei Zhang “', Kedong Mao ™', Kailiang Duan ", Sigi Fang®, Yunfei Lu®, Qiang Gong?,
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Computers in Biology and Medicine

FI SEVIER journal homepage: http://www.elsevier.com/locate/compbiomed

Detection of patient-ventilator asynchrony from mechanical ventilation
waveforms using a two-layer long short-term memory neural network

Lingwei Zhang ', Kedong Mao ™', Kailiang Duan ”, Siqi Fang“, Yunfei Lu®, Qiang Gong °,

Background and objective: Mismatch between invasive mechanical ventilation and the requirements of patients
results in patient-ventilator asynchrony (PVA), which is associated with a series of adverse clinical outcomes.
Although the efficiency of the available approaches for automatically detecting various types of PVA from the
ventilator waveforms is unsatisfactory, the feasibility of powerful deep leaming approaches in addressing this
problem has not been investigated.

Methods: We propose a 2-layer long short-term memory (LSTM) network to detect two most frequently
encountered types of PVA, namely, double triggering (DT) and ineffective inspiratory effort during expiration
(IEE), on two datasets. The performance of the networks is evaluated first using cross-validation on the combined
dataset %d then using a cross testing scheme, in which the LSTM networks are established on one dataset and
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Fig. 5. Architecture of the proposed 2-layer LSTM network.
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Al-enabled respiratory healthcare

In-person

« Regular/specialist consultation
« Inhaler technique training

« Patient triage

« Remote clinician monitoring
he Al CDSS for patients’ stratification/diagnosis
~_+ Automatic symptom detection supported by smart device
(e.g. digital stethﬂscnpe smart Tnhaler smart peak flow meter)

N
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« Al supported self-management and diagnosis

» Immersive learning, inhaler checking, psychological/social
support and rehabilitation (augmented reality), virtual

i
?

reality, mixed reality and extended reality) v
« Virtual ward |
« Remote consultation g

i
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Ed Chan doan Hinh anh (Imaging
Diaghostics)

* Phan tich X-quang va CT ngu’c:
* Phat hién nét phoi/u phoi: Tang do nhay va téc do so vdi bac si.

* Panh gia mrc dd tdon thwong phdi (vi du: viém phoi, xo phoi, COVID-
19): Ph&n vung ton thuong tu dong.
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I« Chan doan va Tién luong Bénh H6 hap

* Chan doan Bénh Phoi Tac nghén Man tinh (COPD) va Hen
suyén: Phan tich dir liéu Phé dung ky (Spirometry) va Ho s bénh
an dién t&r (EHR) dé xac dinh cac kiéu hinh (phenotypes) phurc tap.

 Dw doan dot cap: Sirdung dir liéu cam bién (wearables) va moi
trwong dé du dodn nguy ca nhap vién.
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& s A s A - -
& Canhan hoabieu tri (Personalized
Medicine)
* Ung thuw Phoi: Phan tich hinh anh, gen, m6 bénh hoc dé du doan

dap &ng véi diéu tri dich (Targeted Therapy) va liéu phap mién
dich (Immunotherapy).

* Chon liéu/phac do t6i wu: Dua trén dir liéu bénh nhan thuc té.
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o U'ng dung Hién tai ca Al trong Ho hap
e Thach thirc va Han ché

e Pinh hwéng Twong lai cho H8i H6 hap TP HCM



Thach thirc va Han ché (1)

e Dir liéu: Thiéu bo dr liéu l&n, chat luvong cao, da
dugc chu thich (annotated data) va dac biét la
di¥ lieu tur Viet Nam.

*Tinh phap ly va Pao durc:

* Trach nhiém khi cé sai s6t chan doan cua Al (Accountability).
* Bdo mat va Quyén riéng tu ctia di¥ liéu bénh nhéan.
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Thach thirc va Han ché (2)

* Ha tang va Nguon nhan lwc: Thi€u chuyén gia

"cau noi" (Bridge Scientists) vira hiéu lam sang,
vira gioi vé Al/Data Science.

*Tinh chap nhan (Acceptance): Su e ngai clia mot
sO bac silam sang doi vdi cong nghé mdi.
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o U'ng dung Hién tai ca Al trong Ho hap
e Thach thirc va Han ché

e Pinh hwéng Twong lai cho Hé6i H6 hap TP HCM



Pinh huéng Twong lai cho H6i H6 hap TP HCM

« Xay dung Hé sinh thai D liéu HO6 hap Quobc gia/Vung

* D30 tao va Phat trién Nguon nhan luc Chuyén sau

* Thic day Nghién cru va Phat trién Al "Made in Vietnam"
* Pé xuat Khung phap ly va Pao dirc

HRS
2026



. Xay dung Hé sinh thai Dt liéu H6 hap
Quoc gia/\Vung

* Tiéu chuan héa Dir liéu: Hgp tac vGi Bo Y té va cac bénh vién dé
xay dung tiéu chuan luu trir va trao doi dit liéu y té (vi du: FHIR)
trong linh vu'c ho hap.

 Kho D{r liéu Chia sé (Data Repository): HO6i dong vai tro trung
gian, tao ra mot kho di¥ liéu phi danh tinh, bao méat, phuc vu
nghién cfu va phat trién Al.
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€ DPao tao va Phat trien Nguon nhan lwe
Chuyen sau

* Chuong trinh Pao tao Lién nganh: Phoi hop véi cac truong dai
hoc/Vién nghién ctu (DH Bach Khoa, DH Cong nghe Thong tin) ma
cac khda hoc vé "Al cho Bac st H6 hap" va "Ung dung Lam sang
cua Al".

* Khuyén khich "Bridge Scientists": HO trg cac nghién cltu sinh,
bac sitré theo dudi linh vuc giao thoa.
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. & Thuc day Nghién cttu va Phat trién Al
"Made In Vietham"

* T6 chirc Cudc thi/Gidi thuwdng Al: Phat dong cac cudc thi giai
quyét cac bai toan ho hap thuc té ctia Viét Nam (vi du: chan doéan
bénh lao, phan tich phé& dung ky theo chuan nguoi Viét).

 Phong Lab Nghién cttu Ao: Tao nén tang hgp tac nghién cliu gira
cac bénh vién trong thanh phoé/vung.
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Pé xuat Khung phap ly va Pao dirc

* HOi tham gia vao qua trinh twvan cho co quan quan ly (vi du: S&Y
t€, BO Y t€) vé cac quy dinh th&* nghiém va trién khai cac san pham
Aly té.

« Xay dung "Bé Quy tac Pao dirc Al" riéng cho linh vuc H6 héap.
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Két luan: Tam nhin cho tuong lai

« TOm tat Loi ich: Al la chia khéa dé dat dudc 3 muc tiéu chinh: Tang
do chinh xac, Ca nhan héa diéu tri va Quan ly bénh man tinh tw xa.

 Loi kéu goi Hanh dong: H6i H6 hap TPHCM can la don vi tién phong,
chuyén tir &ng dung sang s& hiru va phat trién cong nghé Al.

* Thong diép cudi cung: Tuong lai clia nganh ho hap la su cong tac
chat ché gitra Tri tué Bac si (Human Intelligence) va Tri tué Nhan
tao (Al).
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