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Show Me Echo - Hepatitis C: A telemedicine mentoring program for
patients with hepatitis C in underserved and rural areas in Missouri
as a model in developing countries

Veysel Tahan', Ashraf Almashhrawi’, Rachel Mutrux®, Jamal A. Ibdah

HepaTiTis C: COUNSELING, TESTING, AND CLINICAL CARE

Project ECHO: Linking University
Specialists with Rural and Prison-Based
Clinicians to Improve Care for People with
Chronic Hepatitis C in New Mexico

SANJEEV ArORA, MI¥ SYNOPSIS

Kakrra THorNTON, MD* . . . . .
STEVEN M. JENKUSKY, MD* Project Extension for Community Healthcare Outcomes (Project ECHO) is a

BrookE Pagisi, MD® telemedicine and distance-learning program designed to improve access to

Josern V. ScaLeTTi, PHD® quality health care for New Mexicans with hepatitis C. Project ECHO links
health-care providers from rural clinics, the Indian Health Service, and prisons
with specialists at the University of New Mexico. At weekly clinics, partners
present and discuss patients with hepatitis C with specialists. Partners can
receive continuing education credits for participating. Since June 2003, 173
hepatitis C clinics have been conducted with 1,843 case presentations. Partners
have received 390 hours of training and 2,997 hours of continuing education
credits. And in 2006, the State Legislature approved $1.5 million in annual
funding for the project. Project ECHO has increased access to state-of-the art
hepatitis C virus care for patients living in rural areas or prisons. Because of its
success with hepatitis C, this project is being expanded to other chronic medi-
cal conditions.
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"Tsunaml’

Italya'daki yogun bakim unitelerinde 5200 kadar yatak bulunuyor, ancak kis
aylarinda bu yataklari zaten solunum glicliigii yasayan hastalar dolduruyor.

Ukenin kuzeyindeki Lombardiya ve Veneto bdlgelerindeki 6zel ve kamu
hastanelerinde sadece 1800 yatak var.

v

GETTY IMAGES

ltalya'nin kuzeyindeki hastaneler, yatak sayisini artirmak icin gecici koguslar
kurdu.

Lombardiya'daki bir hastanede calisan Dr. Stefano Magnone, BBC'ye yaptigi
aciklamada kapasitelerinin dogdugunu soyledi.

Magnone "Durum her gegen giin koétllesiyor. Koronaviris pozitif hastalar tedavi
etmek icin yogun bakimda ve normal servislerdeki yatak kapasitemizin sinirlarina
yaklasiyoruz" dedi.

"Bolgemizde kaynaklarimiz tamamen tikendi, hem insan hem de teknoloji
anlaminda. Yeni solunum cihazlari bekliyoruz".

Bu hafta basi, Bergamo'daki yogun bakim doktoru Daniele Macchini'nin
anlatimlari Twitter'da buyik ilgi gormustd.

Ekibinin "bir tsunamiyle" karsi karsiya oldugunu ve solunum cihazi gibi tibbi
ekipmanlarin "altin gibi" degerli oldugunu scyledi.

"Vakalar ¢ogaliyor. Glinde 15-20 hasta geliyor, hepsi ayni nedenle. Testlerin
sonuclari pes pese geliyor; pozitif, pozitif, pozitif. Acil servis birden cokti."

"Enfekte olan is arkadaslarimiz akrabalarina da bulastirdi ve bazi yakinlari olim
kalim savasi veriyor.”




Pandemide yapay zeka kullanimi neden on plana ¢ikti?

SARS-CoV2 :

* Hastaneler bulasin ana kaynaklarindandir.

* Hastalarin erken izolasyonu onemlidir.

* Hastanelerde yatan hasta hizmetlerinde planlama ve verimlilik
* Yogun bakim unitelerinde dogru planlama

* Anti-sitokin ajanlari kullanirken uygun maliyetli tedavi yonetimi

* COVID tasiyici asemptomatik personelin erken tespiti




* Tani ve prognoz belirleyici yontemler,

PANDEM | DF * Tedavi yontemi gelistirme siirecinde uygulanan
KULLANIM

algoritmalar

* Surveyans sistemleri,
ALAN LARI * Toplumsal bulasi kontrol etmeye yardimci algoritmalar

* Bu surecin farkli boyutlarini ele alan arastirmalar




Web Of Science veri tabaninda 2020-2022 yillari arasinda [“covid” AND (“artificial intelligence” OR
“machine learning” OR “deep learning”)] anahtar kelimeleri kullanilarak tespit edilen 694 makalenin

kelime igerik iliskisinin gorsellestirilmesi hasta basvurusu, prognozu, yonetimi ve mortalitelitesinin

laboratuvar degerleriyle birlikte degerlendirilmesini saglayacak yapay zeka ¢alismalari (A); Gorsellerde

radyolojik goruntuleme yontemleri ile yapilan yapay zeka analizleri (B); ve sosyal medya, trend analizi,

big data veri inceleme yontemleri ile kurgulanan yapay zeka ¢alismalari (C) ug ayri ortak sozcuk

kumesinde incelenebilmektedir.
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ISI SENSORLU KAMERALAR iLE POTANSIYEL COVIDI9’LU
KiSiLERIN TESPIiTi




HASTALIK SURVEYANS SISTEMLERI

. Bir lokal cevre
erken donem bul

. 31 Aralik 2019
pandemi alarmi v

* Benzer sekilde
pandemi sinyaller

 BlueDot sirketil

* Sistem kabaca
bitkilerle iliskili he
kacinmasi icin uys:

Erken Tespit ve Alarm Sistemleri

1 tehditlerin, tehdide 6zgu
It was an Al that first saw it coming, or so the story goes. On December 30, an

artificial-intelligence company called BlueDot, which uses machine learning

to monitor outbreaks of infectious diseases around the world, alerted clients | Y2pay zeka model
—including various governments, hospitals, and businesses—to an unusual

bump in pneumonia cases in Wuhan, China. It would be another nine days  yapay zeka uygulamasi da
before the World Health Organization officially flagged what we’ve all come

to know as Covid-19.

ki veriler, hayvanlar ve
riskli bolgelerden

BlueDot wasn’t alone. An automated service called HealthMap at Boston
Children’s Hospital also caught those first signs. As did a model run by
Metabiota, based in San Francisco. That Al could spot an outbreak on the
other side of the world is pretty amazing, and early warnings save lives.

Naudé, W. (2020). Artificial Intelligence against COVID-19:An early review. IZA Discussion Paper No. |31 10, Available at SSRN: https://ssrn.com/abstract=35683 | 4.
Niiler, E. An Al Epidemiologist Sent the First Warnings of the Wuhan Virus. URL: https://www.wired.com/story/ai-epidemiologist-wuhan-public-health-warnings/



HASTALIK SURVEYANS SISTEMLERI

Yayilim Tahmin ve Takip Algoritmalari

COVID19 oncesinde Akhtar ve ark. 2019 vilinda zika virisun zaman icerisinde yayillimini tahmin etme Uzerine bir
calisma yapmistir.
Bu model, Amerika Kitasindaki tim etkilenen tlkeler ve bolgeler icin;

v’ epidemiyolojik veriler,

v" yolcu hava yolculugu hacim verileri ve vektor habitat uygunlugu,

v sosyoekonomik ve nufus verileri kullanilarak

v’ haftalik zamansal ¢ozunurlikte ve tlke uzamsal cozinurligiunde, Amerika'daki Zika salginina uygulanmistir.

Modelin, 12 haftaya kadar tahmin pencereleriicin bile, genel ortalama dogruluk orani %85'in Uzerinde kalmis,
Amerika'daki Zika'nin cografi genislemesini dogru bir sekilde tahmin edebildigi gosterilmistir.



HASTALIK SURVEYANS SISTEMLERI

Risk Tahmin Algoritmalan

 DeCaprio ve ark. bulas indeksi hesaplayan Makine 6grenmesi tabanli bir algoritma gelistirdigini bildirdiler
* Yas, seyahat hikayesi, hijyen aliskanliklari, giincel ve gecmis saglik durumu ve aile hikayesi

* Bu faktorlerin direkt olarak bir matematik modellemesi mimkuin degildir ancak yapay zeka tabanli

modellemelerde bu faktorler kullanilarak (“vulnerability index”) belirlenebilir.

e Enfekte olma riski

* 2 milyon hastaya ait gecmis hastalik verileri kullanilmis ve hastanin gelecek 3 ay icerisinde hastane yatis ihtimali

hesaplanmasi.

M. Schmitt. (2020). How to Fight COVID-19 With Machine Learning. Towards Data Science [online] URL: https://towardsdatascience.com/fight-covid- | 9-with-machine-learning-1d 1106 192d84.
DeCaprio, D., Gartner, J., Burgess, T., Garcia, K., Kothari, S., Sayed, S., & McCall, C. J. (2020). Building a COVID- 19 vulnerability index. arXiv preprint arXiv:2003.07347.
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PANDEMI| SURECINDE

ACABA MAHALLEMDE COVID-19 RISKI
YUKSEK M| ?

* Saglik Bakanligi iOS ve Android isletim sistemi olan

telefon ve tabletlerde kullanilmak uzere Nisan 2020
tarihinde HES’i yayinlamistir

* Sadece yogunluk haritasi

» Gunluk vaka yogunlugu ile ilgili bir fikir veriyor ancak

objektif bir risk hesabi yok




Editore Mektup
Ankara Med J, 2021;(1):217-219 // @ 10.5505/am;j.2021.48379

HAYAT EVE SIGAR UYGULAMASI YOGUNLUK
HARITASINDAN ISTANBUL’UN ILCEEERI VE
BOLGELERININ COVID-19 RISKININ SKORLANMASI

SCORING THE COVID-19 RISK OF DISTRICTS AND
REGIONS OF ISTANBUL FROM THE DENSITY MAP OF
HAYAT EVE SIGAR APPLICATION

Bekir Aktural, ' Kursad Koc?, ©© Mustafa Anda¢ Derinpinar?

Niliifer Aktura*
Istanbul Universitesi, Saghk Bilimleri Enstitiisii Halk Saghg: AD, Istanbul
‘Bagimsiz Arastirmaci, Ankara
Reidin - Data Analytics, Istanbul
Istanbul Medipol Universitesi, Tip Fakiiltesi Aile Hekimligi AD, Istanbul

Python tabanli bir program

Gunluk olarak HES yogunluk
haritasini(Istanbul sinirlari) tariyor.

Goruntu isleme yontemi ile her
mahalle icin objektif bir risk skoru
hesapliyor

Google datastudio altyapisi ile halka
acik sekilde hesapladigi risk skorunu
ve haftalik aylik degisimini
raporluyor(lstanbul-ilceler-mahalleleri
olarak tum katmanlarda)
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HASTALIK SURVEYANS SISTEMLERI

Yayilim Tahmin ve Takip Algoritmalari

Yayilim tahmin ve takip algoritmalarinda

“surdltd” cogalmasi,

Yeni gelisen bir pandemide (COVID19 pandemisi) gecmise donuk verilerin ve tarafsiz verilerin olmayisi sayilabilir.

“Google Flu Trends” algoritmasi 2013 yilinda grip salginin tespitinde “glrultula veri” ylizinden basarisiz olmustur.

Algoritmalarinin kullanimini kritik olarak etkileyenlerden biri false flag gurulttler

7 ((

Bu kisithhglr asmak adina “Google”, “Facebook” ve “YouTube” gibi blyuk sirketler “big data” Gzerinde sahte
haberleri kontrol eden icerik moderasyon algoritmalari gibi veri dizenleyici yeni yontemlere basvurmaktadir

Ortutay, B. and Klepper, D. (2020).Virus outbreak means (mis)information overload: How to cope. AP News, 22 March.
S. Obeidat. (2020). How artificial intelligence is helping fight the COVID-19 pandemic [online]. URL: https://www.entrepreneur.com/article/348368.






Tani ve Prognoz Belirleyici Yontemler

* Hastalara erken ve dogru mudahale icin gereklidir.

* COVID 9 tanisi konuldugunda, hastanin hangi duzeyde
etkilenecegini tahmin etmek onemli bir sorun haline

MEDIKAL TANI VE gelmistir.
PROGNOZ
ALGORITMALARI ° Bu nedenle hastalara ait klinik, laboratuar ve/veya

radyolojik verilerin kullanilarak hasta prognozunu tahmin
etmede cesitli algoritmalar gelistirilmistir.

* Bu alan yurutulen ¢alismalarin en ilgi gekici ve ticari
kapasitesi en yuksek olan kismini temsil eder.

Towards an artificial intelligence framework for data-driven prediction of coronavirus clinical severity. Computers, Materials & Continua, 63(1), 537-551.

Prediction of criticality in patients with severe Covid-19 infection using three clinical features: a machine learning-based prognostic model with clinical data in Wuhan. MedRxiv.
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Covid -19 Test Result:

High likelihood of OOVID-19. Please contact a
health care provider within 12 hours!

40,1 - 71,4
1,05 -23,17
21,6 - 49
0,22 - 0,68
4,3 - 10,2
0,04 - 0,6
2-4
0-0,2

0-1

0,01 - 0,04
0,16 - 0,62
0-0,015
0-0,03
2,91-6
11,1 - 16,6
26,9 - 54,5
80 - 98
25,6 - 30,8
21 - 36
26,3 - 2l
26,3 - 2l
11,2 - 14
150 - 400
0,19-0,41
9,5- 15,5
17,9 -43,8

[ [ = M
-] [y =i




Table 1 | Characteristics of patient’s clinical information

COVID-19

positive
(n=419)

COVID-19

negative
(n=486)

P value

Sex
Men

“Age (years)

*Temperature (°C)
Exposure history

Clinical symptoms
Fever

Cough
Cough with sputum

Laboratory findings
“*White blood cells (1071-9)

“Neutrophils (10%1-")
“"Percentage neutrophils

“Lymphocytes (10°|-")

“*Percentage lymphocytes

208 (49.6)

430+164
(32, 54)

376109
319 (76.1)

314 (75.0)
210 (500
83 (20.0)

54422
(40,64)

35419
(23,4.2)
6304147
(538, 74.2)

14+08
(09,1.7)

2644125
(173, 34.5)

280 (57.6)

3864163
(27, 48)

375410
254 (52.3)

318 (65.4)
128 (26.3)
177 (36 .4)

83+34
(6.1,10.0)

59431
(3.7, 74)

6894131

(60.7, 78.8)

16+09
(1.0, 2.0)

21.3+11
(12.7,28.9)

036
0.00086

0.60
<1x10*

0.0089
<1x10™
<1x10

0.025

on

0.30

012

053
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Artificial intelligence-enabled rapid diagnosis of

patients with COVID-19

Xueyan Mei©"¢ Hao-Chih Lee?*, Kai-yue Diao**, Minggian Huang*, Bin Lin ©*, Chenyu Liu®",
Zongyu Xie®, Yixuan Ma’, Philip M. Robson™, Michael Chung ®*, Adam Bernheim®, Venkatesh Mani'*,
Claudia Calcagno™, Kunwei Li’, Shaolin Li", Hong Shan’, Jian Lv*, Tongtong Zhao®, Junli Xia',

Qihua Long", Sharon Steinberger®, Adam Jacobi®, Timothy Deyer 22, Marta Luksza™, Fang Liu %,
Brent P. Little™s" %, Zahi A. Fayad @47 and Yang Yang (417

For diagnosis of coronavirus disease 2019 (COVID-19), a
SARS-CoV-2 virus-specific reverse transcriptase polymerase
chain reaction (RT-PCR} test is routinely used. However,
this test can take up to 2d to complete, serial testing may be
required to rule out the possibility of false negative results
and there is currently a shortage of RT-PCR test kits, under-
scoring the urgent need for alternative methods for rapid
and accurate diagnosis of patients with COVID-19. Chest
computed tomography (CT) is a valuable component in the
evaluation of patients with suspected SARS-CoV-2 infection.
Mevertheless, CT alone may hawve limited negative predictive
value for ruling out SARS-CoV-2 infection, as some patients
may have normal radiological findings at early stages of the
disease. In this study, we used artificial intelligence (A}
algorithms to integrate chest CT findings with clinical symp-
toms, exposure history and laboratory testing to rapidly
diagnose patients wheo are positive for COVID-19. Among a
total of 905 patients tested by real-time RT-PCR assay and
next-generation sequencing RT-PCR, 419 (46.3%) tested
positive for SARS-CoV-2. In a test set of 279 patients, the
Al system achieved an area under the curve of 0.92 and had
equal sensitivity as compared to a senior thoracic radiolo-
gist. The Al system also improved the detection of patients
who were positive for COVID-19 via RT-PCR who presented
with normal CT scans, correctly identifying 17 of 25 (68%)
patients, whereas radiclogists classified all of these patients
as COVID-19 negative. When CT scans and associated clini-
cal history are available, the proposed Al system can help to
rapidly diagnose COVID-19 patients.

The COVID-19 pandemic has rapidly propagated due to wide-
spread person-to-person transmission' . Laboratory confirmation
of SARS-CoV-2 is performed with a virus-specific RKT-PCR, but the
test can take up to 2d to complete. Chest CT ks a valuable com-
ponent of evaluation and diagnosis in symptomatic patients with

suspected SARS-CoV-2 infection’. Nevertheless, chest CT findings
are normal in some patients early in the disease course and therefore
chest CT alone has limited negative predictive value to fully exclude
infection’, highlighting the need to incorporate clinical information
in the diagnosis. We propose that Al algorithms may meet this need
by integrating chest CT findings with clinical symptoms, exposure
history and laboratory testing in the algorithm. Our proposed joint
Al algorithm combining CT images and clinical history achieved
an area under the curve (AUC) of 0.92 and performed equally well
in sensitivity [84.3%) as compared to a senior thoracic radiclogist
(74.6%) when applied to a test set of 279 cases. While the majority
of suspected patients currently have little option but to wait for
RT-PCR test results, we propose that an Al algorithm has an impor-
tant role for the rapid identification of patients with COWVID-19,
which could be helpful in triaging the health system and combating
the current pandemic.

The COVID-19 pandemic has resulted in over 3 million cases
worldwide. Early recognition of the disease is crucial not only for
individual patient care related o rapid implementation of treat-
ment, but also from a larger public health perspective to ensure
adequate patient solation and disease containment. Chest CT s
more sensitive and specific than chest radiography in evaluation of
SARS-CoV-2 pneumonia and there have been cases where CT find-
ings were present before onset of clinical symptomatology”. In the
current clinate of stress on healthcare resources due to the COVID-19
outbreak, including a shortage of KT-PCR test kits, there ks an
unmet need for rapid, acourate and unsupervised disgnostic tests
for SARS-CoV-2.

Chest CT is a valuable tool for the early diagnosis and triage of
patients suspected of SARS-CoV-2 infection. In an effort to con-
trol the spread of infection, physicians, epidemiologists, virologists,
phivlogeneticists and others are working with public health officials
and policymakers to better understand the disease pathogenesis,
Early investigations have observed commaon imaging patterns on
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Objective: Artificial intelligence (Al) methods can analyze complex and large data
under the conditions of the coronavirus disease 2019 (COVID-19) pandemic and
reveal meaningful relationships within data sets. In this study, we evaluated the
potential value of an Al method based on routine blood tests and clinical information to
distinguish between COVID-19 and non-COVID-19 patients.

Materials and methods: 451 patients, evaluated with the suspicion of COVID-19 from a
single-center, included in this retrospective study. Patients’ clinic and routine blood
tests were noted and then patients divided into 2 groups as COVID-19 (242) and non-
COVID-19 (209) based on the reverse transcription-polymerase chain reaction (RT-
PCR) test. Gradient Boosting framework with Python implementation of LightGBM
were used to distinguish COVID-19 patients from non- COVID-19. Twenty percent of
the data was set aside as a test set.

Results: The model achieved a 96.4% sensitivity (95% confidence interval (Cl) 94.3%
- 98.5%) and a 90.2% specificity (95% CI 87.2% - 93.3%) on the test set. Furthermore,
the model had a 93.6% (95% CI 92.1% -95.1%) accuracy and an AUC of 0.976 { 95%
Cl 0.954-0.998).

Conclusion: This study shows that Al-based decision tree systems can help detection
of COVID-19 patients by following a new methodology depending on the



MEDIKAL TANI VE
PROGNOZ

ALGORITMALARI

Tani ve Prognoz Belirleyici Yontemler

* Nukleik asit testi (PCR) sonuglarina gore teshis edilen
bireylerin ortak degiskenleri veya laboratuvar
parametreleri uzerinde galisilarak, gradient boosting
yolagi ile karar agaci tabanl ¢alisan machine learning
modeli kullanilarak bir yapay zeka tasarlanmistir.

* Tasarlanan yapay zeka, 4 sikayet, vucut isisinin sayisal
degeri, hemogram analizinden 5 parametre ve CRP
degeri okuyarak yuksek hassasiyetle (%92) teshis koyar.

* Algoritma, delta varyanti gibi tanisal sorun iceren
vakalari bulmak i¢in uygulanabilir ve pratiktir.

* Riskli bireyler, mevcut dusuk maliyetli testlere entegre
edilerek tanimlanabilir.

* Hastaneye yatan her bireyin riskini ortaya ek maliyete
ihtiya¢ duymadan tanimlar.
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Sekil 9: Gradyen Artirma modeli.

* X bagimsiz degiskenlerine karsilik gelenY
bagimli degiskenlerinden olusan bir veri setinde
karar destek agaci sonucu “h” tahminleri elde
edilir ve bu tahminler her asamada bir onceki
tahmin surecinden cikarilarak hata “error”

sonuclari ile tekrar besleme yapilir.

* Sonugta ortaya ¢ikan tahmin her bir karar
destek agacindan elde edilen tahminlerin

toplamidir.




Veri Yonetimi
Uygulamalarda veri!!!

Yapay zeka algoritmalarinda kullanilacak verilere ulasabiliyorsa acik kaynaklar tercih edilebilir.
Veri satan sirketler mevcut.

Hasta tanimlayicilari (dosya numarasi-hasta adi) kullanmadan dogrudan etik kurul basvurusu yaparak ve anonim
hale getirilerek calisir.

Ayrica hibrit yontemlerin kullanildigi projeler var.

Butun veriler ISO-27001 standartlarinda korunmalidir.



BASLICA SORUNLAR:

Uygulamalarin halen gelistirme surecinde olmasi

Orneklem buyukluklerinin ve verilerin henuz yeterli boyutlara ulasmamasi

Olasi yanlis tani, tedavi veya bilgi kirliligi gibi yonlerinin degerlendirmesi

Medikolegal sorunlarla ilgili dunyada henuz standart bir yaklasimin bulunmamasi




Tomografi yapay zekasinin veri
sonrasi gecen zorlu egitim sureci
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Automatic Detection of Coronavirus Disease (COVID-19) Using X-ray Images and Deep

Convolutional Neural Networks
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Abstract
The novel coronavirus 2019 (COVID-2019), which first appeared in Wuhan city of China in December
Abstract 2019, spread rapidly around the world and became a pandemic. It has caused a devastating effect on both
. . . L , ) daily lives, public health, and the global economy. It is critical to detect the positive cases as early as
The 2019 novel coronavirus (COVID-19), with a starting point in China, has spread rapidly possible so as to prevent the further spread of this epidemic and to quickly treat affected patients. The

need for auxiliary diagnostic tools has increased as there are no accurate automated toolkits available.
Recent findings obtained using radiology imaging techniques suggest that such images contain salient

worldwide according to the statistics of European Centre for Disease Prevention and Control. information about the COVID-19 virus. Application of advanced artificial intelligence (Al) techniques

.. .dm.i i F S B

among people living in other countries, and is approaching approximately 305,275 cases

There are a limited number of COVID-19 test kits available in hospitals due to the increasing
cases daily. Therefore, it is necessary to implement an automatic detection system as a quick

alternative diagnosis option to prevent COVID-19 spreading among people. In this study, three




MEDIKAL TANI VE PROGNOZ ALGORITMALARI

Prognoz Belirleyici Yontemler

 Modellerde kullanilan hasta verileri yas, cinsiyet, sigara dykusu, vicut isisi, komorbiditeler, glindelik
yasam aktiviteleri ve semptomlardir.

 Model ciktisi olarak ise yogun bakim ihtiyaci, ekstrakorporal yasam destegi, mekanik ventilasyon
veya vazopressor ihtiyaci veya 30 ginltk yatis sonrasi 6lim durumuna iliskin sonuclar elde

edilmistir.



Development of a prognostic model for mortality in COVID-19
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Abstract

Coronavirus disease 2019 (COVID-19) is a novel disease resulting from infection with severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2), which has quickly risen since the beginning of 2020 to become a global pandemic. As a result
of the rapid growth of COVID-19, hospitals are tasked with managing an increasing volume of these cases with neither a
known effective therapy, an existing vaccine, nor well-established guidelines for clinical management. The need for
actionable knowledge amidst the COVID-19 pandemic is dire and yet, given the urgency of this illness and the speed with
which the healthcare workforce must devise useful policies for its management, there is insufficient time to await the
conclusions of detailed, controlled, prospective clinical research. Thus, we present a retrospective study evaluating
laboratory data and mortality from patients with positive RT-PCR assay results for SARS-CoV-2. The objective of this study
is to identify prognostic serum biomarkers in patients at greatest risk of mortality. To this end, we develop a machine
leaming model using five serum chemistry laboratory parameters (c-reactive protein, blood urea nitrogen, serum calcium,
serum albumin, and lactic acid) from 398 patients (43 expired and 355 non-expired) for the prediction of death up to 48 h
prior to patient expiration. The resulting support vector machine model achieved 91% sensitivity and 91% specificity (AUC
0.93) for predicting patient expiration status on held-out testing data. Finally, we examine the impact of each feature and
feature combination in light of different model predictions, highlighting important patterns of laboratory values that impact
outcomes in SARS-CoV-2 infection.

Initial chest radiographs and artificial intelligence (Al) predict clinical
outcomes in COVID-19 patients: analysis of 697 Italian patients
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Abstract

Objective To evaluate whether the initial chest X-ray (CXR) severity assessed by an Al system may have prognostic utility in
patients with COVID-19.

Methods This retrospective single-center study included adult patients presenting to the emergency department (ED) between
February 25 and April 9, 2020, with SARS-CoV-2 infection confirmed on real-time reverse transcriptase polymerase chain
reaction (RT-PCR). Initial CXRs obtained on ED presentation were evaluated by a deep leaming artificial intelligence (AI)
system and compared with the Radiographic Assessment of Lung Edema (RALE) score, calculated by two experienced radiol-
ogists. Death and critical COVID-19 (admission to intensive care unit (ICU) or deaths occurring before ICU admission) were
identified as clinical outcomes. Independent predictors of adverse outcomes were evaluated by multivanate analyses.

Results Six hundred ninety-seven 697 patients were included in the study: 465 males (66.7%), median age of 62 years (IQR 52—
75). Multivariate analyses adjusting for demographics and comorbidities showed that an Al system-based score > 30 on the initial
CXR was an independent predictor both for mortality (HR 2.60 (95% CI 1.69 — 3.99; p < 0.001)) and critical COVID-19 (HR
3.40 (95% CI 2.35-4.94; p < 0.001)). Other independent predictors were RALE score, older age, male sex, coronary artery
disease, COPD, and neurodegenerative disease.

Conclusion Al- and radiologist-assessed discase severity scores on CXRs obtained on ED presentation were independent and
comparable predictors of adverse outcomes in patients with COVID-19,

Trial registration ClinicalTrials.gov NCT04318366 (hitps://clinicaltrials.gov/ct2/show/NCT04318366).
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Abstract

The new coronavirus, which began to be called SARS-CoV-2, is a single-stranded RNA
beta coronavirus, initially identified in Wuhan (Hubei province, China) and currently spread-
ing across six continents causing a considerable harm to patients, with no specific tools until
now to provide prognostic outcomes. Thus, the aim of this study is to evaluate possible find-
ings on chest CT of patients with signs and symptoms of respiratory syndromes and positive
epidemiological factors for COVID-19 infection and to correlate them with the course of the
disease. In this sense, it is also expected to develop specific machine learming algorithm for
this puroose. throuah pulmonarv seamentation. which can oredict possible oroanostic fac-



MEDIKAL TANI VE PROGNOZ ALGORITMALARI

Prognoz Belirleyici Yontemler

Ulkemizde gelistirilmis COVID19 prognoz 6ngdrdiruci algoritmalardan birinde
ise COVID19 tanisi almis kisilerde prognostik surec;

* hastaligin sorunsuz gecmesi,
 yogun bakim ihtiyaci olmasi,

* entubasyon ihtiyaci veya 6lum ihtimali olarak 3 sinifa ayristirilmis ve yapay
zeka modeliyle hastanin bu siniflardan hangisine dahil oldugu belirlenmek
Istenmistir.

 Bu calismada rutinde bakilan kan parametreleri gibi veriler kullaniimis olup
oncelikle hali hazirdaki analiz yontemlerine ek maliyet olusturmamak
Istenmistir.
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XGBoost: A scalable tree boosting system
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Tree boosting is a highly effective and widely used machine learning method. In this
paper, we describe a scalable end-to-end tree boosting system called XGBoost, which is
used widely by data scientists to achieve state-of-the-art results on many machine
leamning challenges. We propose a novel sparsity-aware algorithm for sparse data and
weighted quantile sketch for approximate tree learming. More importantly, we provide
Insights on cache access patterns, data compression and sharding to build a scalable
tree boosting system. By combining these insights, XGBoost scales beyond billions of
examples using far fewer resources than existing systems.
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SONUCLAR.

Birinci gtin Yapay zekanin Yapay zekanin Yapay zekanin

degerleri ile serviste yatip yogun bakima girip | entiibe olacak ve

kosulan sistem taburcu taburcu olacak Olecek dedikleri
ongordukleri dedikleri

Serviste yatip

taburcu 50 3 2

Yogun bakimda

taburcu 4 14 5

Entubasyon ve

olum 1 1 8




TEDAVI YONTEMI GELISTIRME SURECINDE UYGULANAN ALGORITMALAR

* Tedavi protokollerinin bulunmayisi

* Al yontemleri ile yeni ilaglari

* Var olan ilaglarin COVID 19 da kullanimi da arastirilabilmektedir.

* COVID |9 pandemisinde ilaglarin yeniden yapilandirma ile potansiyel kullanimi yapay zeka yontemleri ile arastiriimaktadir.

* Beck ve ark. ML yontemi kullanarak atazanavirin COVID |9 tedavisinde potansiyel tasidigini

- Stebbing ve ark. ise Ingiltere merkezli bir yapay zeka start up sirketi ile kullandiklari bir algoritma vasitasiyla romatoid
artrit ve myelofibrozis gibi hastaliklarda kullanilan Baricinitibin COVID |9 tedavisinde etkin olabilecegini one surmustur.







TOPLUMSAL BULASI KONTROL ETMEYE YARDIMCI ALGORITMALAR

Denetlenen bolgelerde alinan tedbirlere uyumun kontrolu igin yapay zeka yontemlerinden faydalanilabilmektedir.

Cin'de, kizil otesi kameralar kullanilarak vucut sicakhgi ve cerrahi maske kullanimi otomatik olarak denetlenebilmistir.

Ingiltere’de insanlarin sosyal mesafe kurallarina uyumunu monitdrize etmek icin halka acik alanlari tarayan yapay zeka

ABD’de de bir start up sirketi, sosyal mesafe kurallari bozuldugunda tespit i¢in kamera goruntulerini kullanan ve uyari
bildirimi yapan bir “sosyal mesafe tespit” yazilimi gelistirmistir

*  Pandemi sureci gibi toplum saghgini ve guvenligini tehdit eden olaylar disinda bireylerin otoriteler tarafindan surekli
izlenmesi fikri korkutucu gelebilmektedir.

*  Bu verilerin farkl amaglarla kullanilmasi ihtimali nedeniyle bu tarz uygulamalara sicak yaklasiimayabilir.

*  Bu nedenle gelistirilen uygulamalarda veri kullaniminin seffaf ve uygulama amaciyla sinirli kalmasi, gerekmeyen hallerde bu
verilerin guvenli bir sekilde depolanmasi veya ortadan kaldiriimasi elzemdir.







YAPAY ZEKANIN BILESENLERI

Cok sayida alt unitenin bir i¢ dolasim ve dis dolasim baglantisi ile kusursuz olarak galismasi gerekir.

Elektronik saghk kayitlari

Saglik bilgi degisimi (SBD) aglaridir.

Tip terminolojileri, kapsamlari ve olcum yontemleri farklilik gosterebilir.

Tip terminolojileri en onemli gereksinim olgutlerin, analizlerin, numunelerin ideal olarak ortak bir kodu paylasmasidir.

NPU:

LOINC:
SNOMED CT:
UCUM:

Ornek vermek gerekirse Escherichia col’i temsil eden 112283007, genisletilmis spektrumlu beta laktamaz enzimi lretiyor ise 40980000, Kapbapenemaz enzim geni tasiyorsa
737528008 direnc ozellikleri icin SNOMED CT kodu ile tanimlanir.

Saglikta, UCUM kodlari elektronik iletisimde (Dijital hastane 7. Seviye normlari tarafindan tanimlanan formatlardaki mesajlar veya belgeler gibi) kullaniimak uzere
tasarlanmistir ve genellikle insan yorumuna asina olan diger birim dizeleri de bulunur.




YAPAY ZEKANIN BILESENLERI

Code System Concept

Code System Concept Name

Code System Concept Code 86406008

Human immunadeficiency virus infection (disorder)

Code System Preferred Concept Name Human immunodeficiency virus infection (disorder]

Concept Status Published
Concept Status Date 03/01/2019
Code System Name SNOMED-CT

Asymptomatic human immunodeficiency virus infection (disorder) {21247003 ,

SNOMED-CT }

Candidiasis of mouth co-occurrent with human immunodeficiency virus infection

disorder) {713497004  SNOMED-CT }

Cognitive impairment co-occurrent and due to human immunodeficiency virus

infection (disorder) {15928141000119107 . SNOMED-CT }

Congenital human immunodeficiency virus infection (disorder) {52079000  SNOMED-

CT}

Disorder of central nervous system co-cccurrent with human immunodeficiency virus

infection (disorder) {713571008 , SNOMED-CT }

Disorder of eye proper co-cccurrent with human immunodeficiency virus infection

(disorder) {713299003  SMOMED-CT |

Disorder of gastrointestinal tract co-occurrent with human immunodeficiency virus

infection (disorder) {713300006& , SNOMED-CT }

VERSION 2.66

LOINC CODE

69668-2

FULLY-SPECIFIED NAME

Component
Property
Time
System
Scale

Method

Additional Names

Short Name

Display Name [ se14]
Consumer Name

Most Common Healthcare Units

LONG COMMOMN NAME

LOINC STATUS

HIV 1 and 2 Ab [Identifier] in Serum or Plasma by Rapid  Active

immunoassay

HIV1&2Ab
Prid

Pt

Ser/Plas
MNom

1A rapid

HIV 1 & 2 Ab SerPl 1Adrapid
HIV 1and 2 Ab |A.rapid Nom
HIV 1 and 2 Antibody, BElood

valid UCUM Code Descriptive Name ch::“non—nusgll;:?m “E:l‘ﬁ:':é';“
% Percent % 1
JuL PerMicroLiter JuL L-3
[iVl/L InternationalUnitsPerLiter /L L-3[arb]
10*3/uL ThousandsPerMicroLiter KfuL, x103/mm*3 L-3
1076 /ul MillionsPerMicroLiter M/ul, x108/mm~"3 L-3
fL FemtolLiter fL L-3
g/dL GramsPerDeciLiter g/dL L-3M
g/L GramsPerLiter g/L L-3M
g/mL GramsPerMilliLiter g/mL L-3M
kPa KiloPascal kPa L-1MT-2
m[ilU]/mL MilliInternationalUnitsPerMilliLiter mIU/mL L-3[arb]
meq/L MilliEquivalentsPerLiter mEqg/L L-3N
mag,/dL MilliGramsPerDeciLiter mag,/dL L-3M
mm[Ha] MilliMmetaersOfMercury mm Hg L-1MT-2
mmol/kg MilliMaolesPerKiloGram mmol/kg M-1M
mmal/L MilliMolesPerLiter mmal/L L-3N
mosm,/kg MilliosmolesPerkiloGram mCsm/kg M-1N
ng/mL NanoGramsPerMilliLiter ng/mL L-3M
nmal/L NanoMolesPerLiter nmal/L L-3N
pg PicoGrams pg M
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HIV YAPAY ZEKALARI



A. Summary of CD4+ and CD8+ T cell response
in HIV and SIV chronic progressors

Acute Chronic ART

HIV-RNA

CD4+ T LENFOSITLER
CD8+ T LENFOSITLER

Eur. J. Immunol. 2018.48:898-914
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PREDISPOSING FACTORS:

- Demographics

+ Health Beliefs

« Criminal behavior,
Violent status

+ Mental lliness

+ Childhood characteristics
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ENABLING FACTORS:

+ Regular Source of Care

« Social Support, Public
Benefits

+ Health Services Resources

« Case management

« Community Resources (ACS
Census tract)

« Location variables (poverty,
education, median income,
employment)

NEED FACTORS:
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Co-morbidities
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Olatosi B, Using big data analytics to improve HIV medical care utilisation in South Carolina: A study protocol. BMJ Open 2019;9:e
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Ik drnekte gordigimiz elektronik saglik kaydi temelli tahmin modelleri enfekte bireyleri takipte
Bundan bagimsiz olarak HIV enfeksiyonu agisinda yuksek riski tasiyan hastalari belirleyebilir.
Kuzey California'da bir ¢alisma

Populasyon:3 750 664 hasta 2007—17 (3 143 963 ogrenme seti 606 70| uygulama seti)

Ayaktan hastalardan en az 2 yillik saglik plani kaydi olanlardan alinmistir.

Temas oncesi profilaksi kullanmayan

v' Seksiiel davranislari sisteme tanimlanmis.
v Demografik ozellikleri islenmis
v' Cinsel yolla bulasan hastaliklar testi yaptiranlar, tanisini ve/veyatedavisi alanlar.

Lojistik regresyon modelli makinel ogrenme

Use of electronic health record data and machine learning to identify candidates for HIV pre-exposure prophylaxis: a modelling study. 2019 The Lancet HIV.



gender of sex partners, as recorded in the electronic health record. TPercentages are
of participants with data available. $High HIV incidence was defined as being
elevated relative to the state or city mean.

Predictor prevalence Adjusted
Development dataset, §§ Validation dataset, OR
Sex n=3143262) (n=701)
Demographics and social history
Female 1681510 (53-5%) 327 677 (54-0%) Male sex 1461821 (46.5%) 632 (90-2%) 72
Male 1462453 (465%) 297 024 (49-0%) Men who have sexwith men 5209 (0-2%) 41(5-8%) 47
Sexual orientation® i:';‘ga:"“e 534303 (17-0%) 77 (11.0%) 08
Data availal ’
Heteroee Numberof Sensitivity for incident HIV cases Sensitivity for Specificity Positive  Negative
Gf‘y O les patients incident PrEP predictive predictive
ohead flagged users (n=640) value value
Unknown
Age (years) Overall  Male Female Black White
Race or ethni (n=83) (n=69) (n=14) (n=20) (n=20)
Data availal Full LASSO model 12463 38.6% 46-4% 0% 25-0% 250% 551% 97-8% 0-24% >99.9%
Whitet
His;:nic ; MSM status and ST1 positivity, 4617 28.9% 34 8% 0% 15-0% 350%  427% 05-2% 0-52% >99.9%
- testing and treatment
Black+ STl positivity, testing 1458 20-5% 246% 0% 10-0% 150% 162% 9G-8% 1-17% >99-9%
Othert and treatment
Unknown MSM status and ST positivity 3849 25-3% 30-4% 0% 10-0% 300%  38.8% 85-4% 0-55% >99-9%
recelvedaare | MSMistatus 3790 253%  304% 0% 100%  30-0%  381% 99-4% 0-55% 599.9%
HIV incidence STlpositivity 1016 6-0% 7-2% 0% 10-0% 0% 6-4% 9g.8% 0-49% >99.9%
Resided inon
eight urban Z High risk scoreswere defined as a predicted probability of an incident HIV diagnosis within 3 years of 0-2% to «<1.0%, and very hagh risk scores as a predicted probability
with high HIV of 21-0%. Specificity, positive predictive value, and negative predictive value refer to the model’s ability to classify overall inadent HIV cases. PrEP=pre-exposure prophylaxis.
CHASTCE LASSO=least absolute shrinkage and selection operator. MSM=menwho have sex with men. STE sexually transmitted infection.
Incident HIV ¢
within3year: | Tahle 3: Performance of full and simpler HIV risk prediction models among patients with high orvery high risk scores in the validation dataset
Data are n (%) ol

Any psychiatric diagnosis§
Transgender-related diagnosis

High-risk sexual behaviour (homosexual)
High-risk sexual behaviour (not specified)

Table 1: Demographic characteristics and incident HIV diagnoses within
3 years among patients in the development and validation datasets

Exposure to HV

HIV counselling
HIV education

135317 (4-3%)
911 (<0-1%)

27 (<0-1%)

453 {<0-1%;)

304 (<0-1%)
2858 (0-1%)
6663 (0-2%)

49 (7.0%) 10
3(0-4%) 2.0
0 07
3(0-4%) 26
4(0-6%) 11
7 (1.0%) 1.0

15 (2-1%) 11
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Modelin risk tasityan hastalarin 3 yillik tahmini gercek vaka

._l—'rJ v
— sayilarini dusuk oranda yakaladi.
.-I'_'_I_I

/_/_/J ,f’f Buna neden olarak veya calisma kisitliligi olarak:
;”L”’H * Enfekte olup heniz teshis edilmemis olanlar yanlis

f,f’f siniflama ve sapma artisina yol acmis olabilir

T e 2005-14 arasinda TOP kullanan hasta sayisi
glinimizden azdr.

g  En azikiyillhik saglik kayidi ve dizenli olanlar alindi.

Saglik erisimine sikinti yasayanlar ve dlizensiz takip
olanlar hata riskini arttirirak calisma basarisini distrda.

Model (AUC, 95% CI)
— Full model {084, 0-80-0-89)
—— M35M and 5T1 positreity, testing, and treatment {073 0-66-0-79)
—— 5Tl positivity, testing, and treatment (0-69, 0-63-075)
MSM and 5T1 positivity (0-63, 0-58-0-68)
— M35M [0-62 05B-0-67)
— 5T positivity (0-58, 0-54-0-632)

| |
-4 -6 0-8 140
False-positive rate {1- specificity)

Use of electronic health record data and machine learning to identify candidates for HIV pre-exposure prophylaxis: a modelling study. 2019 The Lancet HIV.
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Fig 1. Generic structure of an Artificial Neurad Netwark. 1t 5 composed of an inpat layer (the X, nodes) that
cantains $he descripiars devdoped for $he sygem bang stodied, 2 hidden layer (H, nades) that combines non Ui nearly
the descriptors in the input Ryer (Frough a logistc acgvation fancton ), and an ompat layer (Y] shat again combines

New mexico, Los Alamos laboratuvari, CATNAP database e e e

6 1 7 9 a nti ko r_Vi ru S E§ I E§ m e S O n u C u neural network used to predict the ICss. The training is repeated 30 times using eachtime a
o xu::::nlig;n:r:(:«;;::‘:::g an:i:)—.‘:l::llatizu‘:zt. .a:ilt]]:e results are averaged over the 30 neural
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Asl gelistirme calismasi o T Y S

Yapay sinir agi modelli makinel 6grenme

Estimation of the breadth of HIV antibodies by molecular modeling and machine learning
PLOS Computational Biology | https://doi.org/10.1371/ journal.pcbi. 1006954



Asi gelistirme modellemeler:

«Elit Controller» hasta grubunda genis olgude notrlestirici antikorlar adi verilen ve yuksek bir genislige sahip
olan ve virusun gesitli varyantlarini notrlestirebilen antikorlar gelistirir.

HIV asi calismalarinda bu durum onemli bir ¢galisma kolunu isaret etmektedir.

Asi calismalarinda etkinligin olgusu uretilecek antikorlarin notrlestirme genisligidir.

Notralizasyon kabiliyeti, antikorlarin yari inhibitor konsantrasyonu (IC50) olarak olgulmustur.
Her antikor / virus kompleksi igin, amino asit dizisi ve ilgili bir kompleksin bilinen bir yapisi kullanilarak

model olusturulur.

Sisteme islenen her bir antikorun “notrlestirme genisligi”, virusun farkli turevlerini tanima ve notrlestirme
yeteneginin bir olgusudur.Yuksek genisligi olan bir antikor, bir¢ok farkli varyanti etkili bir sekilde
taniyabilirken, dusuk genisligi olan bir antikor daha spesifiktir. Deneysel olarak, bir antikorun notralizasyon
genisligi, hedef virusun farkli bolumlerinden bir antijen panelini inhibe etme kabiliyeti test edilerek
degerlendirilir

Estimation of the breadth of HIV antibodies by molecular modeling and machine learning
PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1006954



Tedavi esnasinda direnci ongoren bir model:

* USA/ Atlanta/Georgia State University

* Stanford universitesinin kamuya agik antiretroviral direng sonuglarina ozel veri setleri Uzerinde sistem
egitildi. (10.000 uzeri ornek)

* Genotip verilerden fenotipik direnci tahmin etmek igcin KNN ve RF modelleri kullanildi.



C @ hivdb.stanford.edu/pages/genopheno.dataset.html ST ¢

[;f\ Stanford University

HIV DRUG RESISTANCE DATABASE

A curated public database to represent, store and analyze HIV drug resistance data.

HOME GENOTYPE-RX GENOTYPE-PHENO GENOTYPE-CLINICAL HIVDE PROGRAM ABOUT HIVDB SUPPORT HIVDB!

Genotype-Phenotype Datasets

| ast updated on 2019-2-20

High Quality Filtered Datasets

This genotype-phenotype correlation dataset contains isolates on which in witro susceptibility tests were performed using the PhenoSense assay (Monogram, South San Francisco, USA)
(Zhang 2005). Redundant viruses obtained from the same individual that contained the same pattern of major drug resistance mutations (defined below) were excluded to minimize bias
that would resu It from over-representing highly similar viruses. Viruses with sequences containing mixtures at these major drug resistance mutation positions were also excluded because
the presence of mixtures at these positions may confound genotype-phenotype correlations.

Pl Major Drug Resistance Positions: 30, 32, 47, 48, 50, 54, 76, 82, 84, 88

NMRTI Major Drug Resistance Positions: 41, 65, 70, 74, 75, 151, 184, 210, 215

NMRTI Major Drug Resistance Positions: 1001, 101F, 103N, 106A/M, 181C/I/A, 188C/L/H, 190A/E/S/Q, 230L
INI Major Drug Hemstarce Positions: 66A/1/K, 920, 118R, 143, 145H,-"H_-"H_. 155H, 263K

In addition, the dataset can be read in directly over the web to the R script provided here. This R script contains a function which runs least squares regression on this dataset in cross-
validations and generates two output files by default: (1) the coefficient and the standard error of each input mutation estimated from cross-validation runs; (2) the mean square error (MSE)
estimated in each cross-validation run. The input parameters and additional options to this R function are documented in the script.

To access high quality filtered datasets from HIVDE by drug class, click the links below:

L

= 11771 phenotype results from 1951 isolates
MRT 2682 phenotype results from 1707 isolates
MMNRT 4177 phenotype results from 1812 isolates

N 1519 :hE’ID:}{IJE results from 659 isolates




Input

Protein sequence

Birlesik bir dizi ve protein yapisi kodlamasi uygulayarak HIV 1
proteaz ve reverse transkriptaz dizilerinden fenotipik
sonuglari basarili bir sekilde tahmin etme uzerine kurulu.

Feature Extraction
Sequence/Structure Encoding
210 feature vector

Makine ogrenme algoritmasi, temel veritabani daha fazla veri 1
kazandik¢a otomatik guncellestiriyor.
Kaynaklarin sinirli oldugu ulkeler igin Lross-Validation

k- fold cross- validation on models
built from a model learning pipeline.

Bu yaklasim pratik bir web servisinde uygulanmistir. Direng

. oo . Model Learning
tahmini icin web sunucusu,

http://apollo.cs.gsu.edu/bshen/html/index.html Dataset |mmmmmmp|  Feature vector —|memp| KNN, RF

adresinde serbestce kullanilabilir.

Output

Prediction
Statistics
performance




KNN YONTEMI

ALl DDI D41 S ABC [DF
Accuracy 0.988 0.989 0.991 0.992 0.990 0.986
stadev 0.002 0.001 0.001 0.001 0.001 0.002
Sensitivity 0.984 0.986 0.989 0.988 0.988 0.985
stadev 0.003 0.001 0.002 0.002 0.001 0.002
Specificity 0.991 0.991 0.993 0.995 0.991 0.986
stadev 0.002 0.001 0.001 0.001 0.002 0.003
Run time 985 142.7 144.7 143.1 166.3 56.1
EFV NVP RPV ETR
AcCcuracy 0.996 0.996 0.987 0.995
stadev 0.000 0.000 0.001 0.001
Sensitivity 0.996 0.995 0.983 0992
stadev 0.000 0.001 0.003 0.002
Specificity 0997 099/ 0.992 0.997
stadev 0.000 0.001 0.003 0.001
Run time 11998 1283.7 /.2 489

SOV LRV FPV DRV ATV NFV TPV 1DV
Accuracy 0973 09/9 0971 088% 0982 0531 0985 08/9
stddev 0003 0003 0005 0003 0002 0001 0002 0002
Sensitivity 0965 0977 0963 0988 0979 0576 0986 08976
stddev 0005 0004 0008 0005 0005 0002 0004 0002
Specificity 0580 0581 0980 090 0586 0985 0984 0582
stddev 0004 0003 0005 0004 0002 0002 0003 0005
Run time 1/7.2 183 210 5.1 18.5 31.8 8.8 264




RF YONTEMI

FPV

ALl DDI D41 3TC ABC TDF
Accuracy 0.994 0.993 0.994 0.997 0.994 0.992
stadev 0.001 0.001 0.001 0.001 0.000 0.001
Sensitivity 0.994 0.993 0.993 0.997 0.994 0.99
stddev 0.002 0.001 0.002 0001 0.001 0.003
Specificity 0.995 0.993 0994 0.997 0.994 0.993
stadev 0.001 0.002 0.001 0.001 0.001 0.002
Run time 89 136 12.2 9.7 10.7 6.6
EFV NVP RPV ETR
ACcuracy 0.998 0.998 0.989 0.997
stddev 0.000 0.000 0.003 0.000
Sensitivity 0.998 0.998 0.985 0.995
stadev 0.000 0.001 0.006 0.001
Specificity 0.998 0.998 0.993 0.998
stadev 0.000 0.000 0.002 0.000
Run time 67.8 69.3 X7 8.0

SQV  LPV DRV ATV  NFV TPV 1DV

Accuracy 0984 0988 0981 0992 0986 0988 0983 0.989
stadev 0002 0003 0003 0004 0002 0002 0004 0001
Sensitivity 0983 0986 0977 0993 0988 0987 0987 0987
stadev 0002 0004 0005 0004 0005 0004 0007 0003
Specificity 0986 0989 0984 0992 0984 099 0988 099
stadev 0003 0004 0001 0004 0002 0003 0002 0.002
Run time 36 3.8 4.0 2.2 o 46 29 4.3
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httpsv//doi.org/10.1186/51291 1-018-0659-x BMC Medical Informatics and

Decision Making

RESEARCH ARTICLE Open Access

A comparative study of logistic regression Q@ cromvin
based machine learning techniques for

prediction of early virological suppression
IN antiretroviral initiating HIV patients

Kuteesa R. Bisaso '~ (@, Susan A. Karungi=~, Agnes Kiragga', Jackson K. Mukonzo® and Barbara Castelnuovo’

Uganda'da bir analizde iki bagimsiz grubun verileri kullanilmistir.
Enfeksiyon Hastaliklari Enstitusu (IDl) kohort verileri, tahmin modelini egitmek ve genellenebilirligini test etmek igin

kullanilirken, efavirenz (EFV) kohortundan gelen veriler, modelin galisilan populasyonun disinda baska bir modelde tahmin
etme yetenegini test etmek icin kullanildi.

IDI: 484 (ogrenme veriseti)
EFV kohortu: 233 (egitim uygulama veriseti)
Amag tedavi baslanirken virolojik supresyon basarisini ongormek?




Enfeksiyoz Hastaliklar Enstitusu (IDI) kohort verileri, tahmin
modelini egitmek ve genellenebilirligini test etmek igin

kullanilirken, efavirenz (EFV) kohortundan gelen veriler, modelin Table 1 distribution of variables in the EFV and 1Dl cohort
calisilan populasyonun disinda tahmin etme yetenegini test datasets
etmek igin kullanild Variables I —_— EEV cohort

IDI verileri Nisan 2004 ve Nisan 2005 tarihleri arasinda
kaydedilen ardisik 484 HIV hastasindan olusmaktadir.

Bu hastalar Mulago National referral hospital/kampala (155), "D4 / cell per ml (median [IQR]) 1000 [29.7-16€ 109.0 [4€
Butabika hospital/kampala (60) and Bwera hospital/kasese (n = N *
47) in the years 2008 and 2009.ART baslanirken 158 hasta TB |
co-infecte idi. ART sonrasi sadece 235 hasta 6 ay sonra viral yuk
kontrolune geldi

IDI Stavudin / Lamivudin / Nevirapin (30/300/200 mg) veya REGIMEN 1 d4T/3TC/NVP-3

(40/300/200 mg) olan uglu ART rejim kollarindan birinde e P r ... |
baslatiimis. UGANDA Efavirenz / Zidovudin / Lamivudin (600 / e T i T N S
150/300 mg kolunda devam etmistir. REGIMEN 3 AZT/3TC/EFV (% 75 ¢

Bisaso et al. BMC Medical Informatics and Decision Making (2018) 18:77
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Fig. 2 A receiver operator curve (ROQ and precision recall curve (PRC) showing the model discrimination abilities of outcomes in:

Simple logistic regression

In this approach, all data was aggregated together as if
the outcome occurred at the same time point (6 months).
The outcome variable was set to 1 if viral suppression
was achieved or 0 if not achieve at 6 months of ART.
Baseline predictors were used to predict the outcome
using logistic regression.Ify; and x; are the observation
and its corresponding vector of predictors respectively,
such that y€[0,1] and @ is a vector of coefficients, the
probability of virological suppression is given by

1

hl - P()'l = lln~8) P 1 +€'8""

(1)

L2-regularization was applied to the model to reduce
overfitting. This was accomplished by optimizing the
following cost function.

N
> (v log(h) + (1-3,) log(1-k)) + L, 03  (2)
=1

The hyperparameters \, controls overfitting and N is
the total number of individuals in the training dataset.

Multitask temporal logistic regression (MTLR)

Each clinic visitation day was assumed to be a unique
learning task for which a logistic regression classification
model was trained (fitted) and the task specific parameter
(coefficients) and probability of virological suppression
learned (estimated). Thus for any task ¢ in [1,2. M], ifyg
and x;, are the observation and its corresponding feature
vector respectively, such that ye[0, 1] and @, is a vector
of task specific coefficients, the probability of virological
suppression is given by

1

T 1tefin (3)

s =P, = 1|x1,,a,)
For each task, overfitting was reduced by explicitly con-
trolling the complexity of the model using L2 regularization
as described later. Additionally, the simiarity between tasks
was leveraged without concealing their uniqueness by
applying the multitask learning approach. Specifically,
all tasks were learned jointly such that the temporal relation
between tasks was enforced. This was accomplished by
optimizing the following cost function.

=1 | i~}

M-1
+A2 ) [|6es1-6ill;
]

The first term is likelihood of suppression across all

tack<. the csecand term limite the eenemlization error via

temporal smoothness on weights from adjacent tasks.
The hyperparameters \;and ), control overfitting and
temporal smoothness, respectively.

Patient specific survival prediction modeling (PSSP)

[n this approach, we formulated the problem as a survival
one for each patient using the method developed and
described by Yu et al. [33]. The aim was to predict
whether or not suppression occurs within 168 days and
the time at which it occurs for each patient. The dataset
was restructured to include only the 4 most commonly
shared observation times namely t={0, 84, 98, 168},
also referred to as tasks, ¢ ={1...M/, where M = 4. Patient
outcomes, y.£[0, 1] were recorded for each time point, for
each patient, capturing the dependence between observa-
tions. Thus, if § is the ime point at which undetectable
viral load is first recorded for the n® patient, then at all
t<S, yi=0while at all t= S, y;= 1. The elements of the
sequence ¥ = (¥5 ¥»-..¥s) of outcomes over all four time
points were encoded as y, . "for the value at time t,
where s is the survival time in the sequence. For our 4
time points, there are 5 possible sequences, including a
sequence of all 0 s. The logistik regression method was ex-
tended to model the probability of observing the sur-
vival status sequence for the n™ patient as follows:

e(Z:.Jr(ﬁ"- ))
TH, S0

Where @ is the set of all parameter vectors (0.0, and
flx k@) =S¥ (6x) for 0<k<M with viral load
becoming undetectable (y=1) in the interval [ty, ti.1]. In
order to predict patient specific survival probabilities and
times, we optimize the following cost function:

by =plY = (3,0 )%, @) = (5)

AO

>[5

n=1

M
log(6; x,)- log Z /4 k0
k-0

M M1
+h Y16l + 22 ) 6eaa iy

=1 =1
The first term is the log-likelihood of observing a
sequence given parameters 0 =[8,,.8,,] and baseline
predictor variables, xfor all N patients. The second term is
the L2 regubrizer that prevents overfitting and the third
term is a regularizer that enforces temporal smoothness
on parameters from adjacent observation time points.
The hyperparameters \; and \; control overfitting and

temporal smoothness, respectively.

(6)

Data preparation and model building
Data preparation

The anteame of interest wac viral snnnrescsinn Thic wac

Bisaso et al. BMC Medical Informatics and Decision Making (2018) 18:77
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