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SPECIAL OPERATIONS (PRECISION MEDICINE)

Area Bombardment & The 4 Pillars of Precision Tech
Treats the entire body system % > / A multi-pronged strategy using advanced technology
where the disease is found, like S 0} to attack disease with pinpoint accuracy.
carpet bombing a region. i\ =N ;

Al Diagnosis: Quidance

Detect & Decode

Analyzes genomes and > — Payload
bio-signals to identify

the specific enemy ) Antibody Drugs (ADC):
signature ' ' Lock-on & Detonate

A guided missile that delivers a toxic
payload directly inside the target cell.

Cell & Gene
Therapy: mRNA Technology:

. 7% b Infiltrate & Modify .. Brief & Prepare
ngh couateral Damage \/ )T Deploys “super-soldiers” Delivers an intelligence
Traditional treatments often harm healthy : (CAR-T) or “engineers" blueprint to teach the
cells alongside diseased ones, causing (CRISPR) to hunt or immune system how

significant side effects repair faulty cells. to fight.

AT-A-GLANCE COMPARISON TABLE
All-Out War Special Operations
Area Effect Pinpoint Strike
High Collateral Damage Minimal Collateral Damage
Eradication by Force Neutralize with Precision

One-Size-Fits-All

A standardized treatment is applied
to all patients with the same general
diagnosis.




Lifelog & PGHD
Patient-generated data

on sleep, activity, and =0
nutrition that reflects = —
daily lfestyle habits. A 6 =

Medical Imaging

= & Radiomics
1l [ e,

m‘ from CT, MR, and
PET scans to predict

disease biology

Digital Phenotype

Behavioral markers from

device interaction (typing
speed, voice) to assess

cognitive and mental health.

il =
Ojst © aauz
I
HF
= &

MACRO-SCALE:
The Behavioral & Environmental Level

MESO-SCALE:
The Physiological & Anatomical Level

MICRO-SCALE:
The Molecular & Cellular Level

R

Multi-omics
Analysis of DNA, RNA,
proteins, and metabolites Continuous Exposome & SDOH
to understand disease at Biosi Is Data on environmental
&I s OSignS exposures and social
s Data from determinants (pollution,
# X % - Digital Pathology YE&W socioeconomic status)
Al-powered analysis of ) a that influence health.
'@ > tissus and cell images, detects subtle,
o

revealing features beyond

pri e:;lmptunatlo
human perception. anges.

Microbiome

Data from microbial
communities (the "second
genome”) that impact
immunity and
metabolism.
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2D Graph

Neural Network
Gen 1: Calculation Gen 2: Pattern Recognition

Futuristic Central Hub / Reasoning

Gen 3: Interactive Reasoning

Features multi-modal data integration,
built-in explainability, and interactive dialogue.

Characterized by manual variable

Defined by automated feature learning,
definition and simple, linear models.

but often a data-hungry “black box.”

Core Mechanism Equation-based Pattern Matching | Reasoning & Generation
Data Efficiency High Low Very High
Interpretability Transparent Opaque (Black Box) Explainable
Interaction Static Static Dynamic Dialogue




Ambient Clinical
Scribing
Al transcribes and structures patient

dialogues into medical records in real-
time, functioning as a clinical copilot.

Accelerating Drug

Discovery

Generative Al designs novel molecules
and simulates their safety profiles,
significantly reducing pre-clinical timelines.

Automating Hospital
Operations

Autonomous Al agents manage complex
logistics like patient scheduling, bed
allocation, and insurance pre-authorization,

Enhancing
Diagnostic Imaging

Explainable Al provides interpretable
rationales for its high-precision analysis of
radiological scans, building clinical trust.

Personalizing
Patient Treatment

Al integrates complex genomic and
proteomic data to predict individual
patient responses to targeted therapies.

Predicting
Patient Decline

Early Warning Systems use real-time
sensor data to predict adverse events like
sepsis or cardiac arrest hours in advance.

Guiding Robotic
Surgery

Al overlays augmented reality guidance
onto the surgical field, optimizing
precision and preserving critical structures.

Personalizing
Digital Therapy

Al adapts digital cognitive behavioral
therapy programs in real-time based on
patient engagement and bio-feedback.
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Ol EotAR HH T (Nature Medicine, 2025)
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Input —~ Med-PalLM 2 == Med-PaLM 2 — Answer

Reasoning
Path N

Figure 2 | Illustration of Ensemble Refinement (ER) with Med-PaLM 2. In this approach, an LLM is conditioned on
multiple possible reasoning paths that it generates to enable it to refine and improves its answer.
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Microsoft MAI-DxO
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= )& =il e BEHS = Ta20 3 Is8sS &
~L Pareto Frontier
Requested Diagnostic Accuracy vs Care Administration Cost (USD)
Information
provided back
100 |
Model selected:
MAI-Dx Orchestrator
pr- 2 m‘::ﬂ"’" 90 | MAI-DxO
MAI-DxO
‘MAI-D)(O nconstrained .
80 ‘ 0 2 :
3 wnz:l‘:-eus Virtual , nvsumwp | .m
Doctor
Panel il oo
Or Tost Chooser Dr Chackist 70 | 2k budget <5 ol ;-
Agent _
- & ; a :
H =
v 60| . o teioct ok
Chain of Debate § " LN
< A gemini
1r | 4
Choose one action: é @ MaLoxo i ases L —_—) Company
g 50 | {questions or oric W o
SDBench Ed ¢ B oo
Ask Question Request Test Provide Diagnosis Eramework a ! eepseak : >
N 40 | A Goog
‘ MAI-DxO i Meta
i 1 { g .l
et 30 | J s
Cost analysis oo
Il .
20 | 4 y ‘
Question, 0 — — —— —_— —  — —— = —
a ’ ‘ re) T P, $0 $1000 $2000 $3000 $4000 $5000 $6000 $7000 $8000
or Diagnosis

Average Cost of Diagnostic Tests Per Case (USD)
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* T. Tu et al., “Towards conversational diagnostic artificial intelligence,” Nature, 2025.
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Diagnosis and management

DDx comprehensiveness _ NG
(4-point scale) NN

N epopratones: ~
appropriateness P=366x10
Escalation recommendation __Hfﬂ P=0.1210

appropriate (Y/N)

O -
s S — 7. 1 e

Inappropriate investigation

P=316x 107" N=159
N =150

N=159

“ p-0.0029

avoided (Y/N) N=159

Appropriate treatment o 17 N =159
Inappropriate treatment b o _

avoided (Y/N) P =0.0485 N=159

P e - 7, © - 00126 N =159
appropriate (Y/N) o -
Confabulation g o _

absent (Y/N) P=0.4795 N=159

o 20 40 60 80 100
Percentage of consultations
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Sample size

AUC(95%C1)

Other performance indicators

Outcome

Gonzalez et al =1 exacerbation in 1-year

(2018y* period; =1 exacerbation in
3-year period

Singlaetal (2021)*  =1exacerbationina
S-year period

Gonzalez et al 3 yearall cause mortality

(2018)*

Humphries et al Mortality riskt

(2020)"

Namet al (2022)*  5-year all-cause mortality

o —_ —_
- D3 =5 A 602 012 1 M= 6=
= VUl=2d o = U=
... .n. - [ -
- o IIE IS & =4 4%t 71 Hot
ol & A Mortality), =8 22l(Exacerbation), HJIS X0
— b | -
= 3 H5: AUROC 0.77 (AL E 3 =4 oksh)
= OO O= x HoO
Outcome Sample size AUC(95% Q1) Other performance indicators
Boueiz et al (2022)* Change in FEV, after 5-year period;  Training 4496 (10-fold cross validation); Internal validation (cross
new FEV, after 5-year period internal validation (temporal) 1833 validation) 0.71
(0-69-0-72); internal
validation (temporal) 0-70*
Sharma et al (2021)* Decline in FEV, =30 mL per yearover Training 42 (5-fold cross validation) 0-81 (0-66-0-96) Accuracy 84-6%, sensitivity 0-875, specificity
3-year period 0-800
Kor et al (2022)" =1 exacerbation in 6-month period  Training 407; intemal validation 102 0-83 (0.74-0-92) Sensitivity 79-41%, specificity 77-94%,
(for patients who have not PPV 64-29%, NPV 88:33%, F1 score 71-05%,
previously exacerbated) accuracy 78:43%
Le (2021)* =1 exacerbation in 1-year period Training 190 117 (10-fold cross validation) 0-67 (0-67-0-68)
Nguyen (2017)" =1 hospitalisation in 180-day Training 81; intemal validation 27 0-88 (0-81-0-95) Accuracy 88%, sensitivity 0-83, specificity 0-93
period
Zengetal (2022)* =1 exacerbation in 1-year period Training 36 047; internal validation 7529 0-866 (0-83-0-90) Accuracy 903% (89-6-91-0), sensitivity 56-6
(49:2-64-2), specificity 91-2 (90-5-91-8), PPV
13.7(11-2-162), NPV 98-8 (98-6-991)
Moslemi et al (2023)* =1 hospitalisation in 3-year period  Training 328; internal validation 1411 0-78 (0-69-0-87) Accuracy 78%, F1 score 71%

Esteban et al (2011)*
Moll et al (2020)*

Morales et al (2018)*

Tang etal (2021)*

Pinto-Plata et al (2019)*

5-year all-cause mortality

All-cause mortality riskt

3-year all-cause mortality

3-year all-cause mortality

1-year all-cause mortality

Training 611; internal validation 348

Training 1974; internal validation 658;
external validation 1268

Training 163 587; internal validation 40 8951

Training 90; internal validation 30
(100% mortality)

Training 10850; internal validation 4650

074 (0-68-0-80)
Internal validation 0-731
(0-682-0.780); external
validation 0-688
(0-655-0.721)
0-80(0-79-0-80)

All AUCs reported with recalculated 95% 1. HRs are reported as HR (95% C1). AUC=area under receiver operator curve. HR=hazard ratio. PPV=positive predictive value. NPV=negative predictive value. FEV,=forced
expiratory volume in 1s. *Regression model has no event counts so 95% Cls could not be calculated; these are values reported in the original study. 1Training and validation populations estimated from total
population and reported train-validation split percentages. Median follow-up for internal validation 6.4 years; median follow-up for external validation 7-2 years.

Accuracy 85%, sensitivity 81%, specificity 89%

Accuracy 64-6%

Table 3: Model performance for conventional machine learning

Singla et al (2021)*
Tang et al (2018)*

S-year all-cause mortality

1-year all-cause mortality

Yunetal (2021)* 3-year and 5-year all-

cause mortality

Training 6016 (COPDGene); internal
validation 1000; external validation
1672 (ECLIPSE)

Training 10 300 (5-fold cross validation)

Training 5740 (COPDGenc); internal
validation 1000; external validation
1672 (ECLIPSE)

Training 2407; internal validation 7143;
external validation 1962

Training 3475; internal validation (hold-
out) 315; internal validation (temporal)
394; external validation (VHSMC) 416;
external validation (AMC) 337

Training 10300 (5-fold cross validation)
Training 10 850; internal validation
4650

Training 344 (5-fold cross validation);
external validation 102

Internal validation 0-64 (0-60-0-68);
external validation 0-54 (0-51-0-57)

073(071-0-75)"

Internal validation 072 (0 63 0 81)
External validation 0-60 (0.56-0-64)

Internal validation (hold-out) 0-81
(074-0-88); internal validation
(temporal) 0.76 (0-70-0-82); external

validation (VHSMC) 072 (0-66-0.78);

external validation (AMC) 0-83
(078-0-88)
0-62 (no Cl calculated)

Internal validation 0-80 (0-72-0-88);
external 0.72 (0-57-0-86)

AUPRC 0-42 (SD 0-02), recall 0-47 (SD 0-04), accuracy
80-83%

Internal validation HR 2 69 (119 6 05), p-0 017;
external validation HR 1-64 (1-19-2-26), p=0.003

Internal validation HR (5 strata) 15 (1-0-2:2), 1.6
(11-2-4), 2-4 (1-6-3-5), 2.7 (1-8-4-2), 2.9 (1.7-49);
external validation HR (5 strata) 1.5 (1.0-2:2), 1.7
(11-2:5),2:9(2:0-43),53(3-6-7.7), 997 (6:3-14-8)

HR 1:54 (1-09-2-17), p<0-0001
Accuracy 78-89% (no CI)

AUCs reported with recakculated 95% Cl. HRs are reported as HR {§5% Cl). AMC=Asan Medical Centre dataset. AUC=area under receiver operator characteristic curve. AUPRC=area under precision recall curve.
HR=hazard ratio. VHSMC=Veteran Health Service Medical Centre dataset. “Number of cases not reported, so reported 95% Cl used instead of calculated 95% CL. fMedian follow-up for internal validation was
7-95 years and median follow-up for external validation was 2-90 years.

Table 2: Model performance for deep learning

* L. A. Smith et al.,

review and meta

analysis,”

"Machine learning and deep learning predictive models for long-term prognosis in patients with chronic obstructive pulmonary disease: a systematic
The Lancet Digital Health, 2023.
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22(LABA, LAMA, ICS 5)

(0] o) L‘I EH § = = = AL ( ) |= =
o s a1 14 1y 248 ofslo] M IE U EEE N 012
ol AM=. OI-QJ. H E = OI-'S'!].
'EE SS: AUROC 0.81 | 0.77 (55 &% A &
100 i
s
— I
"/ L
A
. o
2746 patients in ECLIPSE 1142 patients 885 patients 449 patients 0754 -
in MACRO in STATCOPE in OPTIMAL ’
=
£ o504
%
2476 assessed 025
066},: <0-0001
927 excluded 96 excluded . .
268 lost to follow-up 25 lost to follow-up in MACRO
— 550 non-COPD controls —p 8 lost to follow-up in C D
109 had missing values STATCOPE 100 _
63 missing values T ,—"‘L_’r
v v // s
075 — ’ b / T
1819 met criteria 2380 met criteria / e
996 patients with 1107 in MACRO . / '/{/
an exacerbation 847 in STATCOPE s y / J/:f/’
history 426 in OPTIMAL 7 0507 ) b A/
."... }.{ .'J..f
Model development 0257 17
e ——— | — AU =067
f —AUC, =073 }p.o-aoz — AUC, =074 }p<o.oom
o 0
Model validation 10 075 050 025 o 10 ey oso o2 0
Specificity Specificity

Figure 1: Flow diagram
9 9 Figure 5: Discriminative ability of ACCEPT compared with event history
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3. S5 X-ray J|t COPD DYEZ (= T
1= HIOIH: Mass General Brigham(MGB) 2l2il 2tXto| 88 X-ray & & HIOIH & 27,8487
: 50~80MI9] S H&XH12,550%) ¥ HISHIH15,298%)

[
o

= I

Ll
et
24

o
- HAF B2 Posterior-Anterior 28 X-ray (CXR) &4
- A W LI0L, M8, S0, o522 02, &= dY 012 (SABA, &4H)

i

- 69 O|LH COPD 24 {8 0=
: AUROC 0.73 (E91h, 0.70 (HIS™1H

K H

|fie
0X MH4
or J®

Model development CXR-Lung-Risk jiesting A Ever-smokers n=12 550 B Mever-smokers n=15298
40643 participants from || 27848 MGB patients 034 — High risk -
[ meng il e — Moderate risk
me-mxswnmg ) ' < 4 (lung mortality risk equal to — Low risk
— risk in average person aged L4 2097 PBHS participants
O{mﬁmpmshh.hmg,cdmxnl. 3 65 years) [ |
and ovarian cancer screening / E
nmdmw:isns(zozzr‘ z
g 024 -
=]
Primary analysis—MGB Secondary analysis—PBHS g
Key question: Can CXR-Lung-Risk identify adults at high risk for incident COPD? Key question: Is CXR-Lung-Risk associated with physiological indicators of lung health? 2
]
Tested in MGB patients with: Tested in PBHS participants with: £ e
- Outpatient CXR in 2013 o 2014 « OXR and spirometry taken at initial study visit F o
« No history of COPD or lung cancer « No history of COPD or lung cancer = T
+50-80 years of age - >18 years of age Z o1+ o .
« All analyses stratified by ever vs never smoking « All analyses stratified by ever vs never smoking I £ — -
ROC analysis: Does CXR-Lung-Risk discriminate COPD risk better iation with do patients with high N o — e
than conventional risk factors? OXR-Lung-Risk have worse pulmonary function? T o
e e I
Survival analysis: Can CXR-Lung-Risk identify patients at Proteomics analysis: do patients with high CXR-Lung-Risk have plasma e e e —
high risk for COPD? protein concentrations indicative of lung disase? ’:_f:_____,-—”‘" e i _
~ —— e ——
= = * 0 T T T T T T T T T T T T
Potential implementation W] i 2 3 4 5 [ 0 i 2 3 4 5 [
=2 Years Years
- ' — Number at risk
. - Highrisk 2870 2682 2514 2331 2146 2003 1861 2575 2439 2410 2383 2353 2333 2318
8 .
OXRs performediin dlinical routine CXR-Lung-Risk analyses For patients athigh sk anaertis Patient and provider then discuss = Moderate r?sl: 3757 3623 3530 3409 3280 3143 3038 3398 3834 3849 3817 3799 3770 3746
are pulled from the medical record these CXRsinth generated in the medical diagnostic testing and subsequent Low risk 5923 5817 5732 5638 5529 5420 5345 8725 8601 8549 8505 8481 8461 8429
record and sent to the provider treatment
g S A iy Figure 2: Cumulative incidence of COPD by CXR-Lung-Risk ordinal categories in (A) ever-smokers and (B) never-smokers

COPD=chronic obstructive pulmonary disease. CXR=chest radiograph. MGB=Massachusetts General Brigham Hospital. PBHS=Project Baseline Health Study. ROC=receiver operating characteristic. COPD=chronic obstructive pulmonary disease. CXR=chest radiograph.
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|2t COPD =& 22HAECOPD) XIEH I
& (China-Japan Friendship Hospital) COPD 2X} 3163

3t 2=

A2 S, HEAEZ 22 TI12(QC)

A Training set Test set
1.00 1.00
0.75 0.75
z z
S 050 5 050
= =
n “
3 =
[ —— LR:AUC=0.9374 —— LR:AUC=0.8600
@ &

0.25 — RF:AUC=09844 0.25 — RF:AUC=0.9117
= KNN:AUC=0.9305 = KNN: AUC=0.9177
= SVM:AUC=09321 = SVM: AUC=0.9302

0.00 0.00

0.00 0.25 0.50 075 1.00 0.00 025 0.50 0.75 1.00
1 - Specificity 1 - Specificity
Training set Test set
1.00 ‘ 1.00 p
§ o078 5 o7
g T
g g
E o
o 0.50 T
= % 0.50
g @
3 LR: Brier=0.110 E LR: Brier=0.116
8 025 —— RF: Brier=0.096 8 02 —— RF: Brier=0.132
— KNN: Brier=0.112 —— KNN: Brier=0.126
——— SVM: Brier=0.098 ——— SVM: Brier=0.114
Fig. 1 Description of ultrasound indicators. A Normal lung with several parallel A-lines. B Abnormal lung with fused B-lines. € Normal pleural line, char- 0.00 000t”
acterized by smooth, regular, and continuous. D Abnormal pleural line, characterized by rough and irregular. E Measurement of diaphragm thickness. F 0.00 0.25 050 075 1.00 0.00 025 0.50 0.75 1.00
Measurement of diaphragm mobility. G Measurement of cross-sectional area of the rectus femoris muscle. H Measurement of quadriceps contraction Mean Predicted Probability Mean Predicted Probability
index, with the orange line representing quadriceps thickness and the blue line representing the distance from the skin to the femoral surface. The QClis Fig. 4 Performance of machine leaming models predicting AECOPD in the training and test sets. ROC curve analysis (A, B) and calibration curve analy-

calculated as the length of the orange line divided by the length of the blue line. Abbreviations: QCl =Quadriceps Contraction Index

sis (C, D) for predicting AECOPD in the training and test sets. Abbreviations: ABCOPD = Acute Exacerbation of Chronic Obstructi
ROC =Receiver Operating Characteristic; LR =Logistic Regression; RF =Random Forest; KNN = K-nearest Neighbor; 3VM = Support vector machine

e Pulmonary Disease;
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5. ALNIIE/AHZ0IE HIE J|HE MAl 5 M o5l (Exacerbation) IS R
= 212 [HI0IH: 349 HA!l ASE(MGBB-KAS, MGBB-Asthma, MGBB-LLF) = 2,513H

- & OIOIE: XITH 25'-=|I| HIICIRJIE HIOIH (HYIsS, H 012 S
- CHAHI HIOIE: AR TXIE(77E), AHIZ0IC(18X), DIME 28 [HAHI(715) M2 M2k 2 A

» DE =9 ot 5'.-3 LH HMAl 5M oo Asthma Exacerbation) 244 &l 0l=
- E% 45: AUROC 0.90 (Discovery), 0.89 (Replication)
- M S AL TR H AHIZ0IE HIZ(Sphingolipid-to-Steroid Ratio)'0l 24 2tots &M [ Mot oIEgt

-l

Objective Discovery Replication/Validation Findings
Stage | MGBB-KAS (case-control, n=1080) MGBB-Asthma (case-control, n=610) Asthma-associated
Asthma- Conditional logistic regression Logistic regression metabolites 1.00 ——
| NP B D - e 5 e g
eraboliics DOy ' & ) DO ¥ o ®Ann —
! ? ! ?'!?! ! 227 > F r @ ?i F (AR e " Steroids Sp;nngollplds -~ > /
pese st Sad LILIT IT BREEES Sn i ' - / — )
EILIEIL] 2 ; ‘ 2.9 Model: Baseline variables + IgE + metabolite
........ Global metabolomics * w F w # Global Mi d f
TeTENRTR e 0.75 ratios
Stage Il MGBB-KAS (asthma only, n=540) MGBB-LLF (astham only, n=1400) Asthma phenotypes-
& ivariable linear i Multivariable linear regression associated metabolite
Metabolite Ratios 7 o Model: Baseline variables + metabolite
associated with £ :O TR * T * T ( : 5 . =
Asth - H - AS R . o 7 = i
Bl e i i’iifii Sterods Sphingolipids f’kiw A ;Eg . = ratios
- 2ogue al > ‘B 0.50
I e T I e T L
Microbial-related ] ' w * w Global _ Sphingolipd/ onh
metabolites Steroid » ] =
AUC = 0.901 . Model: Baseline variables + IgE
Stage Il MGBB-KAS (asthma only, n=540) MGBB-LLF (asthma only, n=1400) Predictive Biomarkers of
Predictive Elastic Net Elastic Net Asthma Exacerbations A U c - U ?g 3
Biomarkers of Cox regression Cox regression - '
Asthma A ¥ 5 0.25
Exacerbations ] — = -
3 AUC = 0.575 Model: Baseline variables
E s —
i
il _ i 0.00 0.25 0.50 0.75 1.00
Specificity Specificity recommendation i- Speﬁlfl(’.lt}f

Fig. 1| Study workflow. MGBB-KAS The Mass General Brigham-Karolinska Asthma Study, MGBB-asthma The Mass General Brigham Biobank-Asthma, MGBB-LLF Mass
General Brigham Biobank-Longitudinal Lung Function. This figure was created in BioRender. Su, ). (2025) https://BioRender.com/iqdbing.
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6. Raw Spirogram 7|8t COPD Y&k (£ ¥ Q&M &= 22
= 213 [I0IH: UK Biobank(UKB) SEH €= 325,02739] HJIs A2 24 JI=
- A HOIE: X H10(Self-report), 1XH 21z 3 HE 212 JIZ(ICD 2E) S

o
- U8 HA: o5 S8 JHE LEHHE 23X -8 ALIZ 13 (Raw Flow-Volume Spirograms)
. 09 Z21: B COPD YT Ha
- 3 ds

AUROC 0.82 (COPD &EH), 0.89 (&), 0.95 (A1) E4
-JIE MR JIECEE A ZHE 672 M=22 RUH X +E

a poooTTTTTmmm T mmmmm Y = FEVI/FVC ratic = FEV, % predicted m— Flow-volume ReaMeatld
‘ Raw spirograms }—-{ Flow-volume spirograms - COPD status ROC curves b COPD hospitalization ROC curves c COPD death ROC curves
Dat 04 4 0 ’ .0 o
_____________________________ preprocessing | COPD liability model ‘ e e o
! ' H .
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Fig. 3. Graph structure of 13 input features. The circle and arrow indicate a node
(i.e., a feature) and edge, respectively. The edges are interpreted as follows: The FiO,
feature affects P/F ratio feature values, not vice versa.
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Fig. 7. ROC curves of the conventional models, clinical indicators, and the FT-CAT.
CatBoost, categorical boost; SVM, support vector machine; LGBM, light gradient
boosting machine; XGBoost, extreme gradient boosting; MLP, multi-layer percep-
tron.
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KOCOSS HI0IE JIHt COPD (IS 2

NS CHUNGBUK NATIONAL UNIVERSITY

JIHstEE 0128t COPD = d 23t M= D2 JHE

INITIAL REGISTRATION

 HOIHE 22010 &= 19 W =4 ot 2 0L IS
- Oroto] ZZ T 0fl M2t Moderate / Severe &= JHX| EFNO2 =0 DR
-28JIset Al JISS Sl 2 A" oI 73
= KOCOSS I E
- 8Hl 2t 3,390%
- HiQl: 1,8553 (FR ¥4 22X 3)
-XE 24 [4: 1,5358
- B0 O Ho|

- Moderate Exacerbation: 570% (37.1%)

3,390

Patients Screened

1,855 Patients
(Missing data)

FINAL COHORT INCLUDED

1,535

Patients Included for Analysis

- Severe Exacerbation: 1613 (10.5%) l
GROUP A:
None

909 patients
GROUP B: GROUP C: GROUP D:
Moderate | |Severe Only| | Combined

Only

465 patients 56 patients 105 patients
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- daH AMEN Tt Set 1 ~ 49] 4JHK A& HHIAE
- ZZ: Stratified 5-Fold Cross Validation 4 e
Lt0l (Age) 0 0 0 0
O1-1sHM HIZZXIZ (BMI) 0 0 0 0
ek (Pulse) 0 0 0 0
1A 2tat (R (History of AE) 0 0 0 0
Z8 A (Tb History) 0 0 0 0
1A= HAl SO (Asthma) 0 0
SITH & BE (Current Smoker) 0 0 0 0
= %12 (Pack-years) 0 0
o= ICS/LABA AtE & 0 0
SGRQ £& (Total Score) 0 0
o SGRQ Z&k &=~ (Impact Score) 0
CAT &=~ (CAT Score) 0
4 22 (Sputum) 0
FEV1 BI=XI % (FEVT %pred) 0
HIIs ZAt FEV1/FVC HIZ (BDR Ratio) 0 0 0]
&S (DLCO %pred) 0
S A1 2 (Eosinophils) 0 0 0
—— 2357 2= (Neutrophils) 0
e =~ (WBC) 0 0
A I 2 (Platelet) 0

O
olIr
1E

B2 8 X AATSIE (Sp02) 0
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KOCOSS HI0IE JIHt COPD (IS 2

JIHEHSE 0128 COPD =4 ot fis 2=

» [HAIHY P skE it
- Moderate: 0.714-0.740, Severe: 0.691-0.785

Moderate Exacerbation ROC Curve
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Logistic Regression (AUC=0.740)
Support Vector Machine (AUC=0.738)
Random Forest (AUC=0.731)
XGBoost (AUC=0.714)

CatBoost (AUC=0.727)

TabPFN (AUC=0.729)
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Severe Exacerbation ROC Curve
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Logistic Regression (AUC=0.766)
Support Vector Machine (AUC=0.691)
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TabPFN (AUC=0.779)
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JIHEHSE 0|2 COPD =M 2ot Hl= B2 4
= Severe 2&3t= X0l HJIs(FEV1) Mot JHa 2H
= Moderate 2tt= &HX1H9] ‘T2 S4(SGRQ &2)'0] JH& &

= 0=

SGRQ Total Score
FEV1 % Predicted
ICS/LABA Use

WBC Count

Previous Exacerbation
Pulse Rate

Smoking (Pack-Years)
Blood Eosinophils
History of Asthma
Platelet Count

BMI

History of Tuberculosis
Age

Current Smoker

KOCOSS HIOIE 718t COPD 0=

Vel d8 Al 20 HIs BARE

Moderate Exacerbation Feature Importance (Random Forest)

~0.075 —0.050 —0.025 0.000 0.025 0.050 0.075 0.100

SHAP value (impact on model output)

=]

High

Feature value

Low

X
1

ROI0IUS
o

ERNE

(0]
OF OtLI2H 22 (SGRQ/CAT)E &

FEV1 % Predicted
WBC Count

SGRQ Total Score
Previous Exacerbation
BMI

ICS/LABA Use

Blood Eosinophils
Platelet Count
Smoking (Pack-Years)
Pulse Rate

History of Tuberculosis
Age

History of Asthma

Current Smoker
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SHAP value (impact on model output)
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