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Yapay Zeka ve Asilama Risk Gruplari

Asi kararsizligi olan ya da
asilarini kacirabilecek gruplar icin
sosyodemografik verilerin analizi

Agir enfeksiyon gecirebilecek gruplarin analizi

Olasi yan etkileri tahmin edip asilama
stratejilerinin iyilestirilmesi



Dusuk COVID-19 Asillanmasiile lliskili Degiskenlerin
Makine Ogrenmesi ile Analizi @ o

e
\ ) b
- / -
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° Model performansi ne oldu? ol

Amag: Disuk COVID-19 asilanmasi ile iliskili P
1 / > g > s Asisiz kisi sayisi icin Asilama orani icin
o 322{;::::33 r:?g;'::ag;gf grafik ve saglikla ilgili l.. (CV explained variance) (CV explained variance)
Model Aciklanan varyans Model Aciklanan varyans
2 e®e Kapsam: Kaliforniya'daki 1.555 yerlesimsel ZIP kodu LinearRegression 0.40 LinearRegression 0.37
@@N  incelendi; 12 yas ve Uzeri nufus esas alindi.
Lasso 0.00 Lasso 0.00
- Rid 0.40 Rid 0.49
3 ) Veri kaynaklari: California Department of Public . g? : g?
=== Health as: verileri, ACS 2019 ve CDC BRFSS verileri Elastichet 0:04 Elastichet 0.00
kullanild. DecisionTreeRegressor 0.08 DecisionTreeRegressor -0.05
= SVR 0.59 SVR 0.50
a _J Adayvdeél.;k.e.nler.: 151 so§yo-ek9qomlk, demografik KNeighborsRegressor 0.43 KNeighborsRegressor 0.41
ve saglikla ilgili degisken degerlendirildi.
RandomForestRegressor 0.62 RandomForestRegressor 0.48
5 I Sonlanimlar: ‘asisiz kisi sayisi’ ve ‘asilama oranr’ GradientBoostingRegressor 0.64 GradientBoostingRegressor 0.49
II ayr ayri modellendi.
Ozet sonucg
Yontem: 5-kat capraz dogrulama ile farkli makine , : E ;
6 Qa dErenmesi modeglleﬁ'i karsllgastlrlldl' ileri yonlii secimle Gra;h?nt Boosting Regressor (GBR), galismada tercih edilen
: model oldu.

31 degiskene inildi, ardindan VIF < 3.5 olgutd ile
son modelde asisiz kigi sayisi icin 20, asilama orani
icin 14 degisken birakildi.

Nihai GBR modeli, asisiz kisi sayisindaki degiskenligin
%72.9’unu acikladi.

Nihai GBR modeli, agilama oranindaki degiskenligin
%53.3’unu acikladi.

Model, asisiz kisi sayisini asilama oranindan daha iyi acikladi.

Kullanilan modeller

Linear Regression, Lasso, Ridge, Elastic Net, Decision Tree
Regressor, SVR, KNeighbors Regressor, Random Forest
Regressor ve Gradient Boosting Regressor (GBR).
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Kaynak: Preventive Medicine Reports 28 (2022) 101858



Asilanmayan
populasyon

Relative Importance of each Factor in Gradient Boosted Regressor in Unvaccinated Count Prediction

Residents in Nursing Homes

Males age 60-64

Females age 20-24

Public commuters

Females age 15-19

Doctorate level Education

Households with Annual Income <B60K

Homes Vacant

Females age 10-14

Rented but Unoccupied

Homes Vacant for Sale

Whites

Children in Private School

Households with Annual Income >200K

Homes bullt before 1930

Vacant Other Reasons

Car commuters

Part Time Workers

Homes Vacant for Migrant Workers

30 ~ 40 Min 1o work commuters

Relative Feature Importances

000 005 010 015

Table 1A. Correlations between predictor variables and unvaccinated counts.

Feature Variable: Proportion of r r2 p-value
Males age 60-64 -0.53 0.28 0
0.35 01z 0
031 009 0
emales age 10-14 0.30 0.09 0
0.05 000 0
Whites -0.42 0.18 0
Households with Annual Income > 200 K -0.20 0.04 0
@ds with Annual Inc@ on 0.m 0
Proportion with Doctorate level Education -0.18 0.03 0
Proportion Children in Private School -0.18 0.03 0
Proportion Homes Vacant -0.37 013 0
Homes Vacant for Sale 0.33 011 ]
Vacant Other Reasons -0.10 0.m 0
Rented but Unoccupied on 0.m 0
Homes Vacant for Migrant Workers -0.11 0.m 0
Part Time Workers -0.08 0.m 0
car commuters 0.16 0.03 0
0.15 002 0
30 - 40 Min to work commuters 0.07 0.m 0
homes built before 1930 -0.14 0.02 0




Asilanma
Oranlarini
Etkileyen
Faktorler

Relative Importance of each Factor in Gradient Boosted Regressor in Vaccination Rate Prediction

Homas with WValue <200k

Al and Alaskan

Homes with Value <150K

Professional Education

Asians

Homes Vacant

Homies wilh Value <750K

Homes with Value <25k

Public commutars

Ower SOMiIn to wark comrmulers

Hawaiian and Pacifie Islandais

Females age _B85 Plus

Residents in Mursing Homes

Taxi commuters

o000 0025 0080 0078 0400 04258 04150

Relative Feature Importances

Table 18. Correlations between predictor variables and vaccination rates,

Feature Variable: Proportion of t "2 p-value
@ 07 003 0
007 000 001

0.4 017 0

Al and Alaskan -0.25 006 0
007 001 oo

Homes with Value <25K -0.32 N[V

Homes with Value <150K -0.49 024 0

Homes with Value <200K -0.49 024 0
046 021 0

Proportion wi_th Professional Education 049 024 0

Homes Yacant -012 0 0

Public commuters 0.26 007 0

Over 90Min to work commuters -0.14 002 0

Laxi commuters 0.10 0 0




Asi Tereddudu Riski

Nasil Tahmin Edildi?

italya, 2016

Carrieri et al., 2021 | Predicting vaccine hes

tahmin etmek.

Belediye diizeyindeki
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o ast tereddiidii riskini
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Asi Tereddiidiinii
Aciklayan Onemli Deglgkenler

Random Forest modelinde 6ne ¢ikan alan diizeyi gostergeler

1 R

Kaynak: Carrieri ve ark., Health Economics, 2021.
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ilk iki en giiclii
gosterge:

geri doniistiiriilen
atik orani ve
istihdam orani.

Bu degiskenler
belediye
diizeyinde asi
teredduidui riskini
tahmin etmede
one ¢ikmistir.



Agir enfeksiyon gecirebilecek gruplarin analizi
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all m ad a ne a lldl’ Asisiz bireylerde ciddi influenza komplikasyonu riskini 6ngérmek icin
§ y p 9 elektronik saglik kayitlari ile makine 6grenmesi modeli gelistirildi.

0 Calisma popiilasyonu e Veri kaynagi e Model ve 6zellikler

Asisiz bireylerden olusan retrospektif kohort Elektronik saglik kayitlari (EHR) verileri kullanild. Toplam 147 6zellik kullanildi ve 4 kiimede gruplandirild.
111.022 0, 2207.714 & Domogaficbigle Qs Iy E &
:.; Ciddi influenza :.‘ Komplikasyon Vital bulgular =

komplikasyonu gelismeyen " J\,. Vital bulgular Laboratuvar Tanilar ve ilag kullanimi
gelisen olgu kontrol . o A Laboratuvar sonuglar sonuglan klinik islemler

o Akut/kronik * Receteli ilaglar

\ v J Tanilar (hastalik Sykusti) * Ates * Tamkansaymi  hactaliklar * Kronik tedaviler
EHR ¢ Naoo * Biyokimya o Acil servis o Ayaktan tedavi
.. 604.389 verileri llag kullanimi . SK:‘“';U"‘ SRl = L’:“?mar“"a' basvurulari kaytlan
o » - SR IR irtecter * Hastaneyatislan o yb
-‘ Model gelistirme ve dogrulama icin Iﬁi Saglik hizmeti kullanim verileri * vb. o Vb, o Kiink prosedirler v
kullanilan benzersiz birey sayisi (poliklinik bagvurulan, acil servis) o \b.
0 Modelleme yontemi e Analizler 6 Karsilagtirma modelleri
Ciddi influenza komplikasyonu riskini dngérmek igin Ozellik katkilan o Gelistirilen model, asagidaki karsilastirma modelleri ile
XGBoost (gradient boosting) makine égrenmesi modeli kullanildh. - || i?:gjgg;e‘migi” Shapley degerleri degerlendirildi:
@ o ’
e ° Yanlilik (bias) analizi d@R  Sadeceyas + cinsiyet modeli
O o 'l -0~ : .; Irk ve cinsiyete gore olast yanlilik
s ° analiz edildi @9 WHO 6nerilerine dayals
XGBoost 6 kath 156 Gelistinme asamasinda yer almayan yas + cinsiyet + komorbiditeler modeli
(gradient boosting) capraz dogrulama parametre ayar komplikasyonlar igin analiz
makine 6grenmesi (6-fold cross-validation) denem§SI Model gelistirme asamasinda ters egilim }O MES Flu Algomarker
modeli (parameter-tuning runs) agrliklandirmasi (inverse propensity weighting) (mevcut EHR tabanli model)

kullanilarak yanlilik dizeltildi.
Wolk et al. Journal of Clinical Medicine. 2022;11(15):4342.



GFlu-CxFlag: SHAP ilk 15 Ozellik ve Model Performansi

Wolk ve ark. Journal of Clinical Medicine 2022; 11(15): 4342

SHAP analizi: ilk 15 6zellik

Siralama, ortalama mutlak Shapley degerlerine goredir. SHAP, 6zelligin model tahminine katkisini gosterir; nedensellik gostermez.

Respiratory: Diagnosis: ICD10 Code, J00-J99,
Diseases of the Respiratory System

Membership

Complications

Respiratory: Flu Registry — 4.1

Metabolic: Drug (ATC_A), Medication for alimentary
tract iliness and metabolism

Billing CPT Code: 99283 - Emergency department visit,
Moderate severi

Respiratory and Canke

Respiratory: Drug (ATC_R

Billing CPT Code: 3008F - Body Mass Index (BMI)

Diagnosis: ICD10 Code, 100-199, Diseases of the circulatory system _ 1.7

8.7
8.4
6.4
3.4
33
2.9
2.9
2.5
2.5
2.3
1.8
I T T 1 T 1
0 2 4 6 8 10
Ortalama mutlak SHAP degeri

Kaynak: Wolk DM, et al. J Clin Med. 2022;11(15):4342.

Model performansi (AUC)

GFlu-CxFlag 0.828 ‘
(ciddiyet agirlikh nihai model) [0.823-0.833)
GFlu-CxFlag 0.786
(tam model) [0.783-0.789]
MES Flu Algomarker 90

[0.780-0.787)

0.694
[0.690-0.698]

CDC/WHO temelli model

0.588

Sadece yas + cinsiyet modeli [0.583-0.593]

|

1 T !
0.0 0.2 0.4 0.6 0.8 1.0

AUC (95% GA)
Q Model: o®, Kohort: Ozellik sayisi:
XGBoost [ ( )] 604.389 asisiz 147

birey

Ana mesaj:
' GFlu-CxFlag, rehber-temelli ve onceki algoritmik
= yaklasimlardan daha iyi ayirt edicilik gostermistir.
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Covid-19 Asi Onceliklerinin Makine Ogrenmesi ile Belirlenmesi

Couto et al. Rev Saude Publica. 2022;56:11.

Calismanin amaci

@

Calisma tasarimi ve veri kaynagi

Retrospektif kohort
Brezilya'daki 336 kamu ve dzel hastane

19 Mart 2020 - 22 Mart 2021

Makine 6grenmesi kullanarak, COVID-19'a baglh
hastane i¢i 6lum riskine gore asida oncelikli
poptulasyon gruplarini belirlemek.

Calisma popiilasyonu

49,197

..-.‘ hastaneye yatinlan,
RT-PCR ile dogrulanmis

COVID-19 hastasi
(= 18 yas)

Ortalama yas
60.5 + 16.8 yil

Hastane ici 6lum orani
%17.9

Ortalama komorbidite sayisi
1.97 +1.85

Kullanilan degiskenler
- Kronik saglik
Yas w Cinsiyet .’ kosullari

(179 genis kategori)
Model ve analiz

O Extreme Gradient Boosting
(XGBoost) makine dgrenmesi algoritmasi

ll' 11 farkli risk kategorisi olusturuldu.

m Analizler Python (v3.7) ve R (v4.05)
ile gergeklestirildi.

Model performansi

1.0

0.8

0.6 A

Duyariilik
o
PN

AUC (ROC)
0.80

©
N
.l

o
(S

T Ll L)

0.0 0.2 0.4 0.6 0.8 1.0
1 - Ozgullik

Asi oncelik gruplarinin olusturulmasi

49,197 hastanin verisi
(model gelistirme)

=
—
=
¥
* Makine 6grenmesi modeli ile
hastane i¢i 6lum riski tahmini

A 4

Hastalar, farkl risk diizeylerine gore
11 risk kategorisine ayrild.

¥
Bu risk kategorileri kullanilarak
asida oncelikli populasyon gruplar
onerildi.

Asi onceligi icin tanimlanan 11 risk kategorisi

Hastane ici
Olim riski
Geng, dnemli komorbiditesi 3y
olmayan bireyler Daha'd':ﬁ”k
ns

a Cok dilisiik risk
2

Diistik risk Komorbiditesi sinirli bireyler
3 Diisiik-ortarisk  Hafif komorbiditeler

4 Ortarisk Bir veya daha fazla komorbidite

e . Yas ve/veya birden fazla
S Orta-yiiksek risk komorbidite

6  Yiiksek risk Onemli kronik hastaliklar

7 Dahayiiksekrisk Birden fazla ciddi komorbidite

0 Ciddi risk
e Gok ciddi risk

Yuksek riskli hastalik kombinasyonlan

Ciddi kronik hastaliklar + ek risk
faktorleri

@ Cok yiiksek risk  Coklu komorbiditeler, ileri yag

\i .. ! En ylksek hastane igi 6lim riski  Daha yiiksek
@ En yliksek risk olan bireyler risk

Makine 6grenmesi kullanilarak, COVID-19’a bagl hastane i¢i 6lum riskine gore
belirlenen asi 6ncelik gruplan, saglik yoneticileri tarafindan kolayca uygulanabilir.



COVID-19 Asi Onceliklendirmesinde SHAP Analizi

Couto ve ark. Rev Saude Publica. 2022;56:11

Main predictive variables

Age 0.79
Obesity

Chronic kidney failure with dialyses

Sex

Chronic kidney failure without dialysis

Myocardial and valvular heart diseases, and cardiac arrhythmias
Chronic arterial hypertension

Diabetes Mellitus

Neoplasms

Variables

Chronic respiratory diseases

Cerebrovascular diseases and its sequelae
Degenerative diseases of the central nervous system
Psychiatric disorders

Thyroid diseases

Anemias

Transplant recipients and patients depending on SRE
Hemorrhagic hematologic diseases

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
SHAP Values

Secilen model: AUC-ROC: En gliclii degisken:
XGBoost 0.803 (GA 0.788-0.818) Age (SHAP 0.79)

SHAP degerleri model icindeki goreli katkiyr gosterir; nedensellik gostermez. SRE = support respiratory equipment.
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Equity-Aware Multi-Objective vaccine allocation using Machine
Learning-Based Risk-Profile stratification
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Keywords:

Vaccine allocation

Pandemic preparedness
Machine learning

Risk-profile stratification
Multi-objective optimization
Equity-aware decision support

ABSTRACT

The growing impact of pandemics and infectious disease outbreaks has highlighted the need for vaccine allo-
cation strategies that balance risk-profile protection, equity, and operational feasibility under limited healthcare
resources. However, many existing approaches rely on predefined population groups and do not sufficiently
integrate data-driven risk-profile information into constrained allocation planning. To address this issue, this
study proposes an equity-aware decision-support framework that combines machine learning-based risk-profile
stratification with multi-objective vaccine allocation. Publicly available French COVID-19 hospital-surveillance
data are reorganized into analytical records to construct operational risk-profile classes for allecation-scenario
analysis. A Light Gradient Boosting Machine model classifies these records into ordered risk-profile groups,
which are then incorporated into a constrained allocation model. The model aims to maximize protection of
higher-priority risk profiles, promote equity across predicted risk-profile groups, and minimize vaccination de-
lays under supply and capacity constraints. The resulting optimization problem is solved using a binary Particle
Swarm Optimization algorithm with constraint-handling mechanisms, Computational experiments assess algo-
rithmic performance under a common objective-evaluation budget and examine the repair strategy, policy-
weight configurations, Pareto-based compromises, classification uncertainty, scalability, and resource-capacity
sensitivity. Owerall, the framework supports the exploration of risk-profile-based vaccine allocation policies
under constrained pandemic-response settings.



Calismada ne yapildi?

Bouramtane ve ark. | Expert Systems With Applications (2027)
Equity-Aware Multi-Objective Vaccine Allocation Using Machine Learning-Based Risk-Profile Stratification

o Amacg e Veri kaynagi e Veri hazirlama

) P— Fransa'nin kamuya acik = )
/ Sinirl asi, kapasite ve zaman Fallan iy COVID-19 hasta:e snfrveyans Q ? ? N 4 o -» al - - A
C g kosullarinda; yiiksek riskli gruplar N enileni kulanid:, Tordend Tekrarh / Kategorik Siireki Egitim /test  SMOTE yalnizca
daha iyi koruyan, daha adil ve h . harmonizasyon ~ eksik/tutarsz  degiskenlerin  dediskenlerin bolinmesi:  egitim verisinde
operasyonel olarak uygulanabilir _ ="| Veriler tam bireysel elektronik ve temizleme ':ggm' kodlanmasi rg:;:z:f %70/ %30 uygulandi
bir ast dagitim cergevesi saghk kaydi olarak degil, : i
gelistirmek. analitik amacla yeniden diizenlenmis -
U | lindh. . . nii
SHEVRIRIT KR Ol ok cle WK =] Son veri seti: 24.732 analitik kayit
o Risk profili siniflan 9 Makine 6grenmesi asamasi G Optimizasyon asamasi
ceo . Diteiile vi Amag: olusturulan risk profili siniflarini 6grenmek ®e Tahmin edilen Cok amagh
&  Simf 1: Diisiik risk 9.800 (%39,63) e tabi ataal 343 risk profilleri — rsmimsar S oy Asi plani
.‘.{ Sinif 2: Orta risk 7.600 (%30,73) ‘}‘ M .?. Amaclar (cok amagl optimizasyon)
s || owamine | [yt 5o AERIEC D) o
a Sinif 3: Yiiksek risk 5.200 (%21,02) kf,,u,:ake" esitlik saglamak azaltmak
P C oW ‘?‘ "Il . ‘ Kisitlar
& Simif 4: Kritik risk 2.132 (%8,62) Random Forest XGBoost LightGBM _
@ Her birim en fazla Doénemsel kapasite Toplam asi arzi
@R 1 kez asilanir sinin (Ch) sinirt (V)
Bu siniflar operasyonel oncelik siniflaridir; site .
@ ini idi En iyi model: LightGBM
bagimstz klinik tant degildir. 9 y g O Coziim yontemi: ikili Particle Swarm Optimization (PSO).



Temel bulgular ve cikarimlar

Bouramtane ve ark. | Expert Systems with Applications (2027)

Q Figur 3. Risk profiline gore asilama zaman cizelgesi
12
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~@— Kritik risk
~— Ylksek risk
—&— Orta risk

~4— Diisik risk

(o]
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Asilanan birim sayisi
(o))

tl t2 t3 t4 t5 t6
Asilama donemi

0 Erken donemlerde oncelik
09, kritik ve ylksek risk
6% gruplaninda yogunlasir:

e llerleyen dénemlerde orta
'II ve diislik risk gruplarinin
o
payi artar.

e Model, risk 6nceligi ile

@/ zamanlama arasinda

anlasilir bir dagitim paterni
uretir.

B Kisa not
Bu gorsel, modelin sinirli asi ve kapasite kosullarinda risk profiline gore agilama sirasini nasil diizenledigini gosterir.
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Risk prediction of covid-19 related death and hospital admission
in adults after covid-19 vaccination: national prospective cohort

study

Julia Hippisley-Cox," Carol AC Coupland,”? Nisha Mehta, Ruth H Keogh,* Karla Diaz-Ordaz,*
Kamlesh Khunti,” Ronan A Lyons,® Frank Kee,” Aziz Sheikh,® Shamim Rahman,’

Jonathan Valabhiji,’® Ewen M Harrison,® Peter Sellen,” Nazmus Hag,” Malcolm G Semple,*"
Peter W M Johnson,'® Andrew Hayward,'? Jonathan S Nguyen-Van-Tam?*

ABSTRACT

OBJECTIVES

To derive and validate risk prediction algorithms to
estimate the risk of covid-19 related mortality and
hospital admission in UK adults after one or two doses
of covid-19 vaccination.

DESIGN

Prospective, population based cohort study using

the QResearch database linked to data on covid-19
vaccination, SARS-CoV-2 results, hospital admissions,
systemic anticancer treatment, radiotherapy, and the
national death and cancer registries.

evaluated in a separate validation cohort of general
practices.

RESULTS

Of 6952 440 vaccinated patients in the derivation
cohort, 5150310 (74.1%) had two vaccine doses. Of
2031 covid-19 deaths and 1929 covid-19 hospital
admissions, 81 deaths (4.0%) and 71 admissions
(3.7%) occurred 14 days or more after the second
vaccine dose. The risk algorithms included age, sex,
ethnic origin, deprivation, body mass index, a range
of comorbidities, and SARS-CoV-2 infection rate.
Incidence of covid-19 mortality increased with age



QCovid3: Calismada ne yapildi?

Hippisley-Cox ve ark. | BMJ 2021;374:n2244

COVID-19 asisi sonrasi 6lum ve hastane yatisi risk tahmini

COVID-19 asisi sonrasi
eriskinlerde COVID-19 iliskili
olim ve hastane yatisi riskini
tahmin eden ve dogrulayan
algoritmalar gelistirmek.

o Calisma popiilasyonu

19-100 yas eriskinler

8 Aralik 2020 - 15 Haziran 2021
1 veya 2 doz aslih bireyler
Gelistirme kohortu: 6.952.440
Dogrulama kohortu: 626.656

./

G Modelleme ve dogrulama

Landmark

yaklasimi —

Cause-specific
Cox modelleri

© calisma tasarimi
&

e Outcome ve degiskenler

Outcome
[ |
=

Prospektif, populasyon
temelli kohort ¢alismasi.

Birincil outcome:
COVID-19 iliskili 6lim

ikincil outcome:
COVID-19 iliskili hastane yatisi

Degerlendirme:
her dozdan 14 giin sonra

= Multipl eDe
= uitipie N
=) — imputation

e Veri kaynagi

QResearch veritabani; asi kayitlar,
SARS-CoV-2 test sonuglari, hastane
yatislari, sistemik antikanser tedavi
ve radyoterapi kayitlari, ulusal 6lim
ve kanser kayitlar ile iliskilendirildi.

gy

.ll Baslica degiskenler

Yas, cinsiyet, etnik koken,

— Townsend yoksunluk skoru,
viicut kitle indeksi, bakim evi/evsizlik
durumu, komorbiditeler, onceki
SARS-CoV-2 testi ve arka plan
enfeksiyon hizi.
Avn dodrulama Nihai algoritma:
. -



QCovid3: Temel bulgular
Hippisley-Cox ve ark. | BMJ 2021;374:n2244
Asi sonrasi COVID-19 iliskili 6lum ve hastane yatisi icin temel sonuclar

G Model performansi e Asi dozu etkisi

e Aciklanan varyans (R?): %74,1 iki doz asl, tek doza gére daha diisiik risk ile iliskiliydi.
/l @ En )(/juli(sekI “rislldi %S'Iil: grup;a 70 Iglilvn s COVID-19 iliskili liim icin coth -19 iliskili hastane
icindeki 6lumleri saptama duyarlihgr: %78, yatist icin
i HR 0,17 "= HR0,21
o Kalibrasyon genel olarak iyiydi. = (0,13-0,22) (0,16-0,27)

€ En yiiksek riskle iliskili durumlar

o Down sendromu Q Bobrek e Orak hiicre hastalig o PN Bakim evinde e Kemoterapi
T transplantasyonu ﬁ yasama (Grup C)

12,68 kat 8,07 kat 7,73 kat 4,14 kat 4,30 kat
o HIV/AIDS o ' Karaciger sirozu e Norolojik hastaliklar o bl i'"gi / solidiorgan @ Demans Q Parkinson hastalig
'* 320kt © P” 296 kat @% 2,63 kat e i S o~ G 2250t

o Hastane yatisi icin de benzer bir ortintli goruldd.

9 Ana mesaj

P QCovid3, asilanmis bireylerde ciddi COVID-19 sonuglar acisindan en yiiksek riskli gruplari ayirt etmede giiclii
:0 performans gosterdi. Bu tiir risk tahmini, destek dozlar ve erken koruyucu/tedavi edici midahalelerin

hedeflenmesine yardimci olabilir.
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Medduo Sistemi: Calisma akisi

50 yas ve Uzeri bireylerde Al destekli asilama tarama ve izlem sureci

9 Yer: Pekin, Chaoyang Bolgesi - 5 eriskin asi merkezi } a Donem: 1 Agustos 2023 - 30 Kasim 2024 \ ““ Hedef grup: 50 yas ve lizeri
0 Sisteme kayit e Hastalik tipi kaydi 6 Asi 6ncesi 6n tarama 0 Asi giinii degerlendirme
o )

@ o j_—_'] O

e+ s — - v—o - m
s e 2.609 kisi
2.813 Kisi 2.599 kisi @ 1565 temamiards ?
® 934 eksik 10 kisi ayni giin tarand
P

N
e Karar e izlem

a2§.|l§nsd|3 @ zrgzleme E a E E E
2 24saat - 5 giin > 15gin > 6hafta - 3ay

3 Q 29 2.198 2.325 2.311 2.162 2.213
gecici uygun degil aslyl reddetti



Medduo’da Al destekli tarama nasil ¢alisir?

Kural tabanli 6n degerlendirme ve asi uygunluk karari

c Saglik bilgisi girisi a Programlanmis 0 Kural eslestirme o Karar motoru e Cikti

soru seti

&P kronik hastaliklar
I akut semptomlar T
%  alerji oykusu Mobil terminal kontrendikasyon Deterministi.k‘,
_*_ yakin dénem tzerinden rehberlerii yorumlanabilir
enfeksiyon/COVID-19 standart sorular. uzman klinik goriisu. yaklagim. Gecicl °laf.ak
f onceki asi dykiisii uygun degil

0 ' Bu sistem black-box makine 6grenmesi degil;
‘ rehber temelli kural motoru kullanir.

lcf | Uygun bulunan kisiler icin dnerilebilen asilar: influenza, herpes zoster, 23-valan pnomokok, COVID-19.



Olasi yan etkileri tahmin edip asilama stratejilerinin iyilestirilmesi

A machine learning approach to identify at-risk

.Cliini.cal and

Translational populations for yellow fever vaccination
Science
| R A Published enline by Cambridge University Press: 01 June 2026
o (o
{'}90'@ Madison Farnsworth { =), Kostiantyn Botnar { =}, Justin T. Nguyen, Riley K. Watson, Trevor L. Murphy,
”‘x@ @ susan L.F. Mclellan, Kamil Khanipov and George Golovko Show author details ~
RCTS  FOHM %.HE_'.'ﬂ'."t'i
m Figures  Supplementary materials  Metrics
Journ inical an i :
Translational Science [ Save PDF [ AP Share &6 Cite 1 [ @ Rights & Permissions
Article contents Abstract
Introduction: Vaccinations play a crucial role in public and personal health. Vaccines such as the Yellow Fever
Methods: 17D vaccine are effective at preventing disease and provide lifelong immunity with few adverse
Results: events. Leveraging the increase in electronic medical records and the widespread use of
Conclusion: machine learning algorithms in healthcare, this study aims to investigate and develop an
Introduction algorithmic framework for analyzing clinical data on Yellow Fever 17D vaccinations in order to
Ucti
predict at-risk populations for adverse events following immunizations. This research
Methods

incorporates parameters from the patient’s medical history and demographic information.
Results



Sari Humma Asisi ve Makine Ogrenmesi

&=
Farnsworth ve ark. | Journal of Clinical and Translational Science, 2026
<{ m=
c Kohort ve veri kaynagi e Degiskenler
@ TriNetX US Collaborative Network: o) 14 klinik tani parametresi
- 113.550.505 hasta kayd ‘ @ Demografi: yas, cinsiyet, irk, etnik koken
- ® Mayis 2017 - Haziran 2021 V) — e Tanilar ikili olarak kodlandi (var/yok)
* arasinda sari humma asisi olan ve " Yoo gy e L e
- kriterleri kargilayan 25.587 kisi R O=ids ga y
® EHRCchitect ile veri harmonizasyonu

® 25.122 non-severe AE
® 465 severe AE

ve temizleme

e Model gelistirme akisi

3. Model egitimi
< e Random Forest -
'a Logistic Regression 7 Q I.

ST e Gradient Boosting I
1. Veri hazirlama =? 2. Sinif dengesizligi o XGBoost -> 4 Dogrulama =? 5. Aciklanabilirlik
Eksik/duplike kayitlarin Ragdom T e Bernoulli Naive Bayes e 10-fold stratified ?HAP ilg
yonetimi ve undersampling ile : - N eature importance
Standartlastlrma severe/non-severe Aynl veri tfem5|!|yle : Crovss Valldatlon
dengesinin azaltiimasi bes modelin egitilmesi e Bagimsiz dogrulama

Severe AE ornelleri: ensefalit, Guillain-Barré sendromu, karaciger yetmezligi
o Severe AE tanimi ‘ A veya hastaneye yatis gerektiren agir solunum yetmezligi.



Farnsworth et al. | Journal of Clinical and Translational Science, 2026;10:e106.

%% Sari Humma Asisi: Temel Bulgular

En iyi model: Severe ve non-severe gruplarda () «iinik degiskenlerin yorumu
Logistic Regression klinik 6zelliklerin prevalansi
e . . Calisma poptilasyonunda secilmis Karaciger hastalig,
Bes makine 6grenmesi algoritmasi dért 6zelli§in dagilim. a' klinik d.egiskenl?r qrasmda
karsilastirildi. model igin en glglu siniflandirici parametre
B Severe AE (n=64,05)% [} Non-severe AE (n=64,105) % olarak belirlendi.
( : ; Precision %87,7 I 2
' a' Karaciger | 62,58 ']r' z;gir:':azaa;:::%
hastalig ' 0,62 ’
0,
a Accuracy %99,0 ; == ® Cinsiyet, irk ve etnik koken gibi demografik
Bobrek I 5,59 -: ozellikler modelde belirgin bir katki
| rocauc 0,818 e s
ol '

® Severe AE sinifi sari humma asisi sonrasi ciddi advers olay riski
eve

* HIV N 16,34 O Sonug
enfeksiyonu i 0,35 EHR tabanli makine 6grenmesi model,

— yuksek bireyleri belirlemede yliksek performans
@800  Pprecision %76,0 | Recall %64,0 - Kalp — 14,62 gosterebilir. Bulgular, risk siniflandirmasinda

hastaligs 16,11 ozellikle karaciger ve bébrek hastaliginin
onemini vurgulamaktadir.

e Elektronik saglik kayitlari ve makine 6grenmesi, sari humma asisi sonrasi ciddi advers olay riski ytiksek gruplarin
Anamesaj ik saghk kayitlar v ine 6g i, sart hu SIS I ciddi y riski y grup

= onceden belirlenmesine katki saglayabilir. G~
l ﬁﬁl ! '



Sinirlamalar ve Sonucg

Benzer hasta gruplarinda asiri 6grenme

Veri kimesi tum popililasyonu temsil etmeyebilir (overfitting ) olabilir

Patojen mutasyonlari ve asi etkililigindeki
zamansal degisimler algoritmalarin hizla
eskimesine neden olabilir

Dis dogrulama eksiklikleri

Bireysel asi1 takvimi, kontrendikasyon degerlendirmesi ve kisisel klinik risk analizleri icin her
zaman yetkili bir hekime basvurulmalidir

Bu algoritmik bulgular toplumsal diizeyde karar destek ve
Epidemiyolojik planlama araci niteligindedir
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