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ONSOz

Degerli Meslektaglarimiz,

Biyoistatistik Dernegi olarak 28-30 Ekim 2021 tarihlerinde gevrim igi diizenleyecegimiz XXII. Ulusal ve

V. Uluslararasi Biyoistatistik kongresine sizleri davet etmekten biliylik mutluluk duyuyoruz.

Tum dinyay etkileyen Covid-19 Pandemisi nedeniyle gecen yil yiiz ylize yapilacak olan kongremizi iptal
etmistik. Bu yil yapilan yaygin asilama ile pandeminin diinyada ve Ulkemizde kontrol altina
alinabilecegini dislinmustiik, ancak pandeminin olumsuz etkilerinin siirmesi nedeniyle kongremizi
sanal ortamda gerceklestirmeye karar verdik. Dlizenleme kurulu olarak biyik bir heyecanla kongremizi
dizenlemeye yogunlastik. Gecen donem cevrim ici yapilan Pazartesi Konusmalari etkinligine olan ilgi
ve yogun katilim, kongremizin basarili gececegi konusunda bizleri umutlandirdi. Kongremizin ilk
gliniinde kurslarin sonrasinda konferanslar ve sozIi sunumlarin yer aldigi bir bilimsel program

hazirlamayi planliyoruz.

Siz degerli meslektaslarimizin destegi ve katkilari ile bilimsel agidan zengin ve glincel bilgilerin-
¢alismalarin  sonuglarinin  paylasildigi basarili  bir kongre gercgeklestirecegimizi distniyoruz.
Birlikteligimizi pekistirmek ve glicimize gic katmak icin tim meslektaslarimizi kongremizde
bulusmaya davet ediyoruz

Saygilarimizla,

Prof. Dr. Erdem Karabulut Prof. Dr. Seval Kul

Biyoistatistik Dernegi Baskani / Kongre Baskani Bilimsel Sekreterya

Vi



XXII. Ulusal ve V. Uluslararasi Biyoistatistik Kongresi
XXII. National and V. International Biostatistics Congress
28-30 Ekim 2021 Gevrim i¢i Kongre — Online Congress

PREFACE

Dear Colleagues,

We are very pleased to invite you to the XXII. National and V. International Biostatistics Congress,

which will be held online by the Biostatistics Association on 28-30 October 2021.

We canceled our face-to-face congress last year due to the Covid-19 Pandemic, which affected the
entire world. With widespread vaccination this year, we thought the pandemic could be brought under
control in the world and in our country, but due to the pandemic's ongoing negative effects, we
decided to hold our congress virtually.

As the organizing committee, we focused our efforts on organizing our congress with great enthusiasm.
The interest and intense participation in the Monday Talks event held online last year gave us hope
that our congress will be successful. On the first day of our congress, we will organize two courses
based on our members' requests. Then, we intend to prepare a scientific program with conferences

and oral presentations on the next two days.

We believe that with your help and contributions, we will be able to organize a successful congress in
which scientifically rich and up-to-date information and study results will be shared. We invite all of

our colleagues to attend our congress in order to strengthen our unity and add to our strength.

Regards,
Prof. Erdem KARABULUT Prof. Seval KUL
Biostatistics Association President/Congress Chair Scientific Secretariat
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BILIMSEL PROGRAM / SCIENTIFIC PROGRAM

1. Giin / Day 1 (28 Ekim/October): Salon |

1. Giin / Day 1 (28 Ekim/October): Salon Il

Kurs 1. AMOS ile Yapisal Esitlik Modellemeleri Dog. Dr. ilkay

Kurs 2. SAS programi ile veri analizi Dr. Ogr. Uyesi Tolga

13:30 | 17:00 | b o&AN Gaziantep Universitesi Biyoistatistik AD 13:30 1 17:00 1 ASKATI Lokman Hekim Universitesi Biyoistatistik AD
2. Guin / Day 2 (29 Ekim/October): Salon | 2. Giin / Day 2 (29 Ekim/October): Salon Il
Saat/Hour Sunum Bagligi/Presentation Title Saat/Hour Sunum Bashgi/Presentation Title
09:00 | 09:30 Acilis Konugmasi / Opening Speeche, Prof. Dr. Erdem 09:00 09:30

Karabulut, Kongre Bagkani

Oturum Baskanlari / Chairs: Prof. Dr. Seval Kul, Dog. Dr. Derya Gé6kmen, Dog. Dr. Cengiz BAL

Oturum Baskanlari/Chairs: -

Prof. Dr. Atilla Halil ELHAN, Dog. Dr. ilker Unal, Dog. Dr. Beyza
DOGANAY ERDOGAN

Oturum1 / Session 1
(Sozlii Sunumlar/Oral presantations)

09:30

09:45

indirgenmis (Reduced) Rank Regresyon, Kismi En Kiigiik Kareler
ve Temel Bilesenler Faktor Analizi Yontemlerinin Diyet
Oriintisiinii Olusturmada istatistiksel Performanslarinin
Karsilastiriimasi

Mehtap AKCIL OK

09:45

10:00

Saglik Alanina iliskin Boylamsal Verilerin Analizinde Kullanilan
Ug Yéntemin Karsilastirilmasi: ANOVA, GEE, QLS Erdogan ASAR,
Erdem KARABULUT

10:00

10:15

Cok Kategorili Hastalik Durumlarinda Tanisal Modele Yeni Bir
Belirteg Eklenmesinin Tani Performansindaki Degisime Etkisinin
incelenmesi Hande SENOL, Ergun KARAAGAOGLU

10:15

10:30

Yapisal Esitlik Modeli ile Uzunlamasina Veri Analizi: Ortiik
Biiylime Modelleri ve Gergek Veri Seti Uzerinde Bir Uygulama
Funda Seher GZALP ATES, Derya GOKMEN, ipek GONULLU

10:30

10:45

Kisilerin Yagsam Doyumlari, Stres Diizeyleri,Beslenme Tutumlari
ve Uyku Sorunlari Arasindaki iliskilerin Analizi Muharrem
Giirleyen GOK, Prof.Dr. Erdem KARABULUT

10:45

11:00

Soru-Yanit / QA

Oturum1 / Session 1
(Sozlii Sunumlar/Oral presantations)

09:30

09:45

Sagkalim Analizinde Derin Ogrenme irem KAR, Erdal COSGUN,
Atilla Halil ELHAN

09:45

10:00

Kalp Yetmezligi Hastalarinda Sagkalim Tahmini icin Makine
Ogrenmesi Modellerinin Performanslarinin Karsilastirilmasi Ve
Sagkalim ile iliskili En Onemli Faktérlerin Belirlenmesi Riistem
YILMAZ, Fatma Hilal YAGIN

10:00

10:15

Denetimli Makine Ogrenmesi Yontemleri ile Gebelerde Anemi
ve Anemi ile iliskili Faktérlerin Tespiti Riiveyda YILDIRIM,
Mehmet Onur KAYA, Burkay YAKAR, Bilal ALATAS

10:15

10:30

Geleneksel Makine Ogrenmesi ve Karisik Etkili Makine
Ogrenmesi Model Performanslarinin Benzetim Calismasi ile
Degerlendirilmesi Ebru TURGAL, Beyza DOGANAY ERDOGAN

10:30

10:45

Ordinal Veri Yapisinda Bazi Siniflandirma Yontemlerinin
Simiilasyon Araciligyla Karsilastirilmasi Ali Vasfi AGLARCI,
Cengiz BAL

10:45

11:00

Soru-Yanit / QA
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Oturum Baskanlari / Chairs: Prof. Dr. Ersin OGUS, Dog. Dr. Erdal COSGUN

Oturum Baskanlari / Chairs: Prof. Dr. Mehtap AKCIL OK, Dog. Dr. Jale KARAKAYA, Dog. Dr. Can

ATES
Z::i:Lc;Ic\,/fa:zn:ar::iaon;epz];:Sxtp;x:)aj»lg;o'\:a,az;:s;z):(;rK-NearESt Gradyan Artirma vg_Hafif Gradyan Artirma Algoritma'larl ile
11:15 | 11:30 . . L . 11:15 11:30 Kirim Kongo Verisi Uzerine Uygulaman Osman DEMIR, Yunus
Propens!ty Score Ma'&chlr}g |r1M|ssmg Da:ca Problem Bugra Emre KUYUCU =
VAROL, Imran KURT OMURLU, Mevlit TURE
’2‘ Comparison of Different Machine Learning Methods. in the ’-'é? Egﬁt_zzﬁzfri\t/s:::::gIBaI;L;T\e}I:nTgisrlr\]((:\il(a);:‘rl:f:lllegllfcfl’HE,
.§ 11:30 | 11:45 _I?(l)a,;g/lrx)zls of Chronik Renal Failure (CRF) Tolga DEMIREL, Leman .§ 11:30 11:45 Necla KOCHAN, Gozde ERTURK ZARARSIZ, Vahap ELDEM,
f: § t;l § Erdem KARABULUT, Gékmen ZARARSIZ
§ q‘s’_ iunf@l P;edlcﬁloz \énth’\S;querlwset:] l;rltncnpal Eomp'one’\r/mlts hi % g_ Akciger, Prostat ve Meme Kanseri Mikrodizi Gen ifade
3w 11:45 | 12:00 | N2Y5!S, Fenalized LoxVIodels and Extreme Learning Machine 3] 11:45 12:00 | Verilerinde Oznitelik Segimi ve Siniflama Gzlem ARIK, Erdem
-5 based Penalized Cox M'odels on Slm'ylatfad Ij|gh D|mens:'|onal -5 KARABULUT E—
‘g = Data Fulden CANTAS, imran KURT OMURLU, Mevliit TURE ‘; =
O s 12:00 | 12:15 | Admission of Covid-19 Patients by Using Multivariate Statistical O s 12:00 12:15 : .. >
= Methods Neslihan GBKMEN iNAN, Arzu BAYGUL EDEN = Arastiriimasi Funda IPEKTEN, Gozde ERTURK ZARARSIZ, Halef
:76‘ ’ E Okan DOGAN, Vahap ELDEM, Gékmen ZARARSIZ
- Semiparametric shared frailty models for right-censored data = 'I:lﬂcil::r?:lllz;t/ii:::r\l(giiel::I”ear?rzliannD'ZIr('ei:»ggr:in(':\idIc Loess
12:15 | 12:30 | using an EM algorithm Aysun CETINYUREK YAVUZ, Philippe 12:15 12:30 L
LAMBERT F.’_erform_anslarma Etkisinin Karslla5t|r|lrj135| Asena Ayca
OZDEMIR, Giilhan TEMEL, Saim YOLOGLU
12:30 | 12:45 | Soru-Yanit/ QA 12:30 12:45 | Soru-Yanit/ QA
Oturum Baskanlari/Chairs:Prof. Dr. Vildan SUMBULOGLU, Dog. Dr. Yasar SERTDEMIR,Dog. Dr. Pinar Oturum Baskanlari/Chairs: Prof. Dr. C. Reha ALPAR, Dog. Dr. Giilhan TEMEL, Dog. Dr. ilkay
GUNEL KARADENIZ DOGAN
= A Nomogram Model to Predict B'one Metastasis in Patients with = istatistik ve Olasilik Dergilerinde Agik Erisim ve Abonelik Erisimli
S 14:00 | 14:05 | Breast Cancer Senem KOC, Halil Ibrahim TANBOGA, Fuzuli S 14:00 14:05 I-Dergiler-: 1999-2018 donemi igin karsilagtirmali bir inceleme
m B TUGRUL m = llker ETIKAN
s g = Investigation of the Effect of Hepatosteatosis on Severity Score s g = Avrupa Saglhk Okuryazarhg Olgegi Tiirkge Versiyonu Kisa Form
ﬁ E 5 14:05 | 14:10 Obtgingf:l by Repgated Measures in COVID-19 Patients Sirin § E § 14:05 14:10 Onerisi Mehmet Ali SUNGUR, Zerrin GAMSIZKAN, Demet
2 g :.{3' CETIN, Ozge PASIN, Ahmet Turan KAYA : g E Hanife SUNGUR
TS g A Spatial Analysis of Air Quality and Food Consumption T5¢ Nedensel Aracilik Analizi Nihan GZEL ERCEL, Hilal ALTUNDAL,
32 ;__J 14:10 | 14:15 | Surrogates in Relation to Prostate Cancer Deaths Selman 3 g &, 14:10 14:15 Gilhan TEMEL, Mualla YILMAZ, Cemil COLAK
25 AKTAS, Mehmet KOCAK 28
] e Avrupa Birligi Uye Ulkeleri ve Aday Ulke Tiirkiye’nin Saglk < e Popiilasyon Genetigi Calismalarinda Mantel Testi Uzerinde bir
§ 14:15 | 14:20 | Géstergeleri Bakimindan Cok Degiskenli istatistiksel Yéntemlerle E 14:15 14:20 Uygulama Osman Tolga KASKATI, Mustafa Murat ARAT, Fatma
= Analiz Edilmesi Anil TUZCU, Cengiz BAL = KAYMAKAMTORUNLARI DENiZ, Emre KESKIN
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Gozlemsel Calismalarda Yapilan Meta-Analiz Calismalarinin . . . . e
14:20 | 14:25 | Raporlanmasi MOOSE Kontrol Listesinin Tirkge’ye Uyarlanmasi 14:20 14:25 ii;ﬁ”;i?}g;?;ﬁ’g;?ﬂpedIr PR LR L
Arzu Baygiil EDEN, Neslihan Gékmen INAN -
Orneklemin Evrendeki Orani ile Giiven Araligi Genisliginin
g u U 7 J 0 i ii g izi i 7 (i
14:25 | 14:30 U\v/umsuzlugu Meh_met Guv.en GUNVER Azqan MALQOK” 14:25 14:30 Genel Ozellikleri ile Hata Agaci Analizi Siddik KESKIN, Kiibranur
Ugurcan SAYILI, Mine SEZGIN, Hatice Sena ONER, Sevda OZEL TUNCAY
YILDIZ, Basak GURTEKIN, Eray YURTSEVEN
Kantil Regresyon Ve Dogrusal Regresyon Yonteminin
14:30 | 14:35 | Karsilastiriimasi: Bir Simiilasyon Calismasi Didem UNAL, Giilhan
TEMEL
Pediatrik Biiyiime Egrileri icin Box-Cox Cole Green (BCCG)
Dagiliminda Parametrelerin Etkili Serbestlik Derecesinin
14:35 | 14:40 | Belirlenmesi ve Diizlestirme Sonucunda Model
Performanslarinin Karsilastirilmasi Eda CAKMAK, Ergun
KARAAGAOGLU
14:40 | 15:00 | Soru-Yanit / QA 14:30 15:00 Soru-Yanit / QA
Saat/Hour Invited talk Saat/Hour no invited talk
Oturum Baskanlari/Chairs: Prof. Dr. Z. Nazan ALPARSLAN
= Bioconductor on the Cloud Nitesh Turaga,
; Scientist Il, Department of Data Science, at the Dana Farber
O 15:30 | 16:30 . . .
£ Cancer Institute of Harvard Medical School&Bioconductor Core
= Team Member
3. Giin/Day 3 (30 Ekim/October): Salon | 3. Giin/Day 3 (30 Ekim/October): Salon Il
Saat/Hour Sunum Bagligi/Presentation Title Saat/Hour Sunum Bashgi/Presentation Title
Oturum Baskanlari/Chairs: Prof. Dr. ilker ETiKAN, Dog. Dr. Adem DOGANER Oturum Baskanlari/Chairs: Prof. Dr. Yusuf CELIK, , Dog. Dr. Gzlem KAYMAZ
. . o . . . . Box-Cox Déniigiim Parametresi Kestirimi igin Yeni Bir Yaklagim
z g 09:30 | 09:45 | Sagkalim Tahmininde Kapula Tabanli Gen Segimi Aslihan ALHAN : g 09:30 09:45 Muhammed Ali YILMAZ, Osman DAG
-g = B Sagkalim Analizinde Zamana Bagh Aciklayici Degiskenler igin -% = o
8 €= 09:45 | 10:00 | Birlesik Model Yontemi Kullanim: Fatma 8 E 2 0045 | 10:00 | Meta Analizinde Yanliig Diizeltme Yaklasimlari Emre DIRICAN
T2E ’ " | KAYMAKAMTORUNLARI DENiZ, Osman Tolga KASKATI, Merve | 5 3 £ ' & 2 _
a o BASOL GOKSULUK a &
EZ2 ¢ EZ ¢
S =25 T . . . T =235 Sirali Yanit Degiskenleri icin Stereotype Lojistik Regresyon ve
33 ° B : E 339
o ;"ol 10:00 | 10:15 g;léag/mstatlstlk goalzeg <l Clioie UL LGS Y o ;3_ 10:00 10:15 Sirali Lojistik Regresyon Modellerinin Karsilastirilmasi:
- Hipermetropi Verileri Uzerine Bir Uygulama Hiilya OZEN
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Y?ntem Karillasutlrma .(;zj1I|§ma.Iar|nda E.n UV?“” .Regresyon ve. Lojistik Regresyon Analizi ile Elde Edilen Beta Katsayisi, Odds
Guven Araligi Yonteminin Belirlenmesine Yonelik Kapsamli Bir Orani ve Tamsavili Skor Sisteminin Klinik Tahmin Modeli
10:15 | 10:30 | Benzetim Calismasi Gézde ERTURK ZARARSIZ, Gokmen 10:15 10:30 Geli tiriImesindei Basansimin Karsilastinlmas! Giilcin
ZARARSIZ, Dincer GOKSULUK, Cengiz BAL, Halef Okan DOGAN, AYD§OGDU e DEI\jiR Yasemin§YA§VUZ Suin
Ahmet OZTURK, Gabi KASTENMULLER — !
10:30 | 10:45 | Soru-Yanit/ QA 10:30 10:45 Soru-Yanit / QA
Oturum Baskanlari/Chairs:Prof. Dr. Yasemin YAVUZ, Dog. Dr. Emre DEMIR Oturum Baskanlari/Chairs:Prof. Dr. Fezan MUTLU, Dog. Dr. Sirin CETIN
Seyrek (Sparse) Lojistik Regresyon ve Cok boyutlu Genomik Veri Tip2 Diyabet Hastalari igin Yapay Zeka Tabanli Kisisellestirilmis
- 11:00 | 11:15 | Seti iizerine Bir Uygulama Ozlem KAYMAZ, Khaled ALQAHTANI , - 11:00 11:15 bir Zeki Sistem Onerisi Osman Tolga KASKATI, Burcu TASKAN
§ Henry WOOD, Arief GUSNANTO § DEMIRKOK, Onur YESIL, Seref SAGIROGLU
E Mikrobiyom Verilerinde Kullanilan istatistiksel Analizler: Obezite ':f_'é A Composite Ranking of Risk Factors for COVID-19 Time-To-
I'g g 11:15 11:30 |||§k||| M|krob|yom Sekans Verisi Uzerinde bir Uygu|ama Selen I'g % 11:15 11:30 Event Data from a Turkish Cohort Az;e ULGEN[ Hatice DORTOK
8 g YILMAZ ISIKHAN, Ceren OZKUL S g DEMIR, Sirin GETIN, Wentian LI.
§ = § = Klinik Karar Vermede Siniflandirma Algoritmalarinin Destek
I g 11:30 | 11:45 I\/.I.amograf} Qgruntylermde On Islemede KuIIanvllan F'|It.releme n g 11:30 11:45 olarak Kullanimi: HlpoF|r0|d|zm iliskili Bas Agr.|5| Uzerine Bir
£ Yontemleri icin Belirlenen Farkli Parametre Degerlerinin £ Uygulama Mehmet Ali SUNGUR, Demet Hanife SUNGUR, Derya
g g Siniflama Basarisina Etkisi Hanife AVCI, Jale KARAKAYA g g ULUDUZ, Rabia Gokcen GOZUBATIK CELIK, Esra HATIPOGLU
6 S Cevre Epidemiyolojisi Alaninda Kullanilan Zaman Serisi 6 S Gen ifade Veri Setinde Boyut indirgeme Yéntemlerinin
:g 11:45 | 12:00 | Modellerinin Bibliyometrik ve Altmetrik Skorlarin 2 11:45 12:00 Siniflama Performansina Etkilerinin Karsilastirilmasi Fatma Hilal
] Karsilastirlmasi Mehmet Karadad N YAGIN, Harika Gozde GOZUKARA BAG
(72 (72)
12:00 | 12:15 12:00 12:15 Soru-Yanit / QA
Soru-Yanit / QA
12:30 | 13:00 Kapanig Konusmalari / Closing Speeches
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SOZLU BILDIRILER / ORAL PRESENTATIONS

S1. Indirgenmis (Reduced) Rank Regresyon, Kismi En Kiiciik Kareler ve Temel Bilesenler Faktor
Analizi Yontemlerinin Diyet Oriintiisiinii Olusturmada Istatistiksel Performanslarimin Karsilastiriimasi.
Mehtap AKCIL OK
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Riistem YILMAZ, Fatma Hilal YAGIN

S8. Detection of Anaemia and Anaemia-Related Factors in Pregnant Women by Supervised Machine
Learning Methods. Riiveyda YILDIRIM, Mehmet Onur KAY A, Burkay YAKAR, Bilal ALATAS
S9. Evaluation of Traditional Machine Learning and Mixed Effect Machine Learning Model
Performances by Simulation Study. Ebru TURGAL, Beyza DOGANAY ERDOGAN

S10. Comparison of Some Classification Methods in Ordinal Data Structure by Simulation. Ali Vasfi
AGLARCI, Cengiz BAL

S11. Predictive Performance of Expectation Maximization, K-Nearest Neighbor and Random Forest
Imputation Methods for Propensity Score Matching in Missing Data Problem. Bugra VAROL, imran
KURT OMURLU, Mevliit TURE

S12. Comparison of Different Machine Learning Methods in the Diagnosis of Chronik Renal Failure
(CRF). Tolga DEMIREL, Leman TOMAK

S13. Survival Prediction with Supervised Principal Components Analysis, Penalized Cox Models and
Extreme Learning Machine based Penalized Cox Models on Simulated High Dimensional Data. Fulden
CANTAS, Imran KURT OMURLU, Mevliit TURE

S14. Identifying the Factors Affecting the Intensive Care Unit Admission of Covid-19 Patients by
Using Multivariate Statistical Methods. Neslihan GOKMEN INAN, Arzu BAYGUL EDEN

S15. Semiparametric shared frailty models for right-censored data using an EM algorithm. Aysun
CETINYUREK YAVUZ, Philippe LAMBERT

S16. Gradyan Artirma ve Hafif Gradyan Artirma Algoritmalari ile Kirim Kongo Verisi Uzerine
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S18. Feature Selection and Classification in Lung, Prostate and Breast Cancer. Ozlem ARIK, Erdem
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S19. Performance Investigation Of Approaches And Classification Methods Used In Integration Multi-
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S20. Comparison of the Effects of Median and Cyclic Loess Normalization Methods Used in
Microarray Data on Deep Learning Performance. Asena Ayca OZDEMIR, Giilhan TEMEL, Saim
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S21. Copula-Based Gene Selection for Survival Prediction. Aslihan ALHAN
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S23. Data Format for Rapid Biostatistics Analysis: PARQUET. Su OZGUR
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S25. Box-Cox Déniisiim Parametresi Kestirimi I¢in Yeni Bir Yaklasim. Muhammed Ali YILMAZ,
Osman DAG

S26. Meta Analizinde Yanlihigi Diizeltme Yaklagimlari. Emre DIRICAN

S27. Comparison of Stereotype Logistic Regression and Proportional Odds Logistic Regression
Models for Ordered Response Variables: An Application on Hyperopia Data. Hiilya OZEN

S28. Lojistik Regresyon Analizi ile Elde Edilen Beta Katsayisi, Odds Orani ve Tamsayili Skor
Sisteminin Klinik Tahmin Modeli Gelistirilmesindeki Bagarisinin Kargilastirilmasi. Giilgin
AYDOGDU, Emre DEMIR, Yasemin YAVUZ

S29. Seyrek (Sparse) Lojistik Regresyon ve Cok boyutlu Genomik Veri Seti tizerine Bir Uygulama.
Ozlem KAYMAZ, Khaled ALQAHTANI, Henry WOOD, Arief GUSNANTO

S30. Mikrobiyom Verilerinde Kullanilan Istatistiksel Analizler: Obezite Iliskili Mikrobiyom Sekans
Verisi Uzerinde bir Uygulama. Selen YILMAZ ISIKHAN, Ceren OZKUL

S31. Mamografi Gériintiilerinde On islemede Kullanilan Filtreleme Y®&ntemleri icin Belirlenen Farkli
Parametre Degerlerinin Siniflama Basarisina Etkisi. Hanife AVCI, Jale KARAKAYA

S32. Cevre Epidemiyolojisi Alaninda Kullanilan Zaman Serisi Modellerinin Bibliyometrik ve
Altmetrik Skorlarin Karsilagtirilmasi. Mehmet Karadag

S33. Tip2 Diyabet Hastalar1 i¢in Yapay Zeka Tabanli Kisisellestirilmis bir Zeki Sistem Onerisi. Osman
Tolga KASKATI, Burcu TASKAN DEMIRKOK, Onur YESIL, Seref SAGIROGLU

S34. A Composite Ranking of Risk Factors for COVID-19 Time-To-Event Data from a Turkish
Cohort. Ayse ULGEN, Hatice DORTOK DEMIR, Sirin CETIN, Wentian LI.

S35. Use of Classification Algorithms as a Support in Clinical Decision Making: An Application on
Hypothyroidism-Related Headache. Mehmet Ali SUNGUR, Demet Hanife SUNGUR, Derya
ULUDUZ, Rabia Gok¢en GOZUBATIK CELIK, Esra HATIPOGLU

S36. Gen Ifade Veri Setinde Boyut Iindirgeme Yéntemlerinin Siiflama Performansina Etkilerinin
Karsilastirilmasi. Fatma Hilal YAGIN, Harika Gozde GOZUKARA BAG

74

75
76

77

78

79

89

91

92

94

95

96



XXII. Ulusal ve V. Uluslararasi Biyoistatistik Kongresi
XXII. National and V. International Biostatistics Congress
28-30 Ekim 2021 Cevrim i¢i Kongre — Online Congress

KISA SOZLU BILDIRILERI / SHORT ORAL PRESENTATIONS

Sayfa
KS1. A Nomogram Model to Predict Bone Metastasis in Patients with Breast Cancer. Senem KOC, 98
Halil Ibrahim TANBOGA, Fuzuli TUGRUL
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KS11. Nedensel Aracilik Analizi. Nihan OZEL ERCEL, Hilal ALTUNDAL, Giilhan TEMEL, Mualla 130
YILMAZ, Cemil COLAK
KS12. Popiilasyon Genetigi Calismalarinda Mantel Testi Uzerinde bir Uygulama. Osman Tolga 132
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Invited Talk

Bioconductor on the cloud
Nitesh Turaga
Scientist |1
Bioconductor Core Team

Personalized Genomic
Medicine
Disease - Therapeutics

Big picture

Over 20 years at NHGRI funding

Systems Population
apd network genetics
biology and genomics
J Bloconductor
Preprocessing,
Analysis, /
Annotation .
High dimensional
Data-science
Basic Genome Biotech Machine Learning,
Biology Sequencer, Single cell, Simulation,

Data structures,

editing ... visualizations, FDR...

General Update - Bioconductor
Bioconductor 3.14 is now ready - Oct 27th 2021
R 4.1.1 - ‘Kick Things’
2083 software packages
408 experiment data packages
904 annotation packages
29 workflows

8 books
Books
Books are complex, literate programming works -
e ftext
e visualizations
e code

Example: Orchestrating Single Cell Analysis - OSCA book
https://bioconductor.org/books/release/

Bioconductor usage
Local

= |ocal computer

= HPC - Linux mostly
Cloud

=  Private clouds

= Public clouds

Why the cloud?
Data deluge - size (just lots of data) and type (sparse)
e Single cell - “sparse’ datasets.


http://bioconductor.org/news/bioc_3_14_release/
https://bioconductor.org/books/release/
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Compute power - As much as you need + scalable / elastic

e Scalable compute resources - pay as you go - use what is needed
Pre built tools for users

e Lots of plug and play options
Collaborative

Containers
o Containers are the building blocks to creating end to end
cloud solutions.
e Lightweight Virtual machines.
e Bioconductor produces Docker images

Docker is container engine doc Q r

Bioconductor Docker images
e bioconductor/bioconductor_docker:[devel, RELEASE_X_Y]
e  System dependencies
e Install > 99% bioconductor packages
e Ubuntu 20.04
e RStudio
e RELEASE 3 14 coming soon!
http://bioconductor.org/help/docker/

Docker hub
@dockerhub Q Search for great content (e.g., mysql) Explore  Repositories  Organizations
bioconductor Repositories bioconductor_docker
General Tags Builds Permissions Webhooks Activity (0 Settings

@ Advanced Image Management
View all your images and tags in this repository, clean up unused content, recover untagged images. Available '

® bioconductor/bioconductor_docker Doc
Bioconductor Docker Images ~ # Top
(© Last pushed: 6 days ago =
Tags and Scans & VULNERABILITY SCANNING - DISABLED At
Enable

This repository contains 8 tag(s). M
Bit
TAG 0s PULLED PUSHED €a
Av

® devel /:\ an hour ago 6 days ago

® RELEASE_3_13 (‘_\ 43 minutes ago a month ago

® latest /.t\ 3 hours ago 3 months ago

https://hub.docker.com/repository/docker/bioconductor/bioconductor docker



http://bioconductor.org/help/docker/
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XXII. Ulusal ve V. Uluslararasi Biyoistatistik Kongresi
XXIl. National and V. International Biostatistics Congress
28-30 Ekim 2021 Cevrim i¢i Kongre — Online Congress

Usage of Bioconductor Docker images

>
i

oVt WN B

BiocDockerManager: :available()
A tibble: 6 x 5

IMAGE

<chr>

bioconductor_docker

bioc-redis
orchestratingsinglecellanalysis
experimenthub_docker
annotationhub_docker

website

DESCRIPTION
<chr>
Bioconductor D..
Bioconductor k..
This repositor..
Experiment Hub
Annotation Hub
Bioconductor w..

TAGS
<chr>

latest,..
RELEASE...
latest,..

latest
latest
latest

REPOSITORY DOWNLOADS

<chr> <dbl>
bioconduct..
bioconduct.. 14132
bioconduct.. 990
bioconduct.. 541
bioconduct.. 47
bioconduct.. 29

10
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Microsoft Container Registry (MCR)

Wdocker hub Q@ Search for great content (e.g., mysgl) Explore  Repositories  Organizations  Helg

Explore Official Bioconductor image mirror

.. Official Bioconductor image mirror & verified pusiisher

By Microsoft
This image is a mirror of the official Bioconductor docker image.
& 93K
Container x86-64 Base Images
Description Reviews Resources

Using Bioconductor images on Azure

Featured Tags
¢ latest docker pull mcr.microsoft.com/bioconductor/bioconductor_docker:latest

https://hub.docker.com/ /microsoft-bioconductor-bioconductor-docker

Docker images are customizable
e  Customize docker images to finish all the steps end to end.
e  Build on existing docker images
http://bioconductor.org/help/docker/#modify

Bioconductor on Cloud is faster

o  Full system dependencies

e  Test image for developers

e  Binary package installation for Bioconductor packages.
Demo: Benchmark analysis of package installation
Benchmarking results
> res <- microbenchmark::microbenchmark(

"binary” = {
AnVIL::install(c('rhdf5’, 'Rhtslib"))
}l
"traditional™ = {
BiocManager::install(c(‘'rhdf5", "Rhtslib"), force = TRUE, ask=FALSE)
}1
times = 20L

11
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> res l

Unit: seconds
expr min 1q mean median uq max neval
binary 6.681507 6.756271 6.88567 6.916872 6.980436 7.165949 20
traditional 70.776541 71.040255 73.54636 71.410544 71.819983 113.321043 20

binary package installation == no compiling packages locally

How are these binaries built

Depth First Search
’/5\ — Levelo
A; H | Level 1
v/ \ "
9 8 O O u=Es il \icrosoft
AV MM Azure
D‘MXE’ " K — e
Package dependency === Compute with — Cloud - scale and
graph Kubernetes distribute

1. Depth First Search package dependency graph.

2. Start bioc-k8s-redis cluster on cloud
BiocKubelnstall

3. Build binaries parallely by level in DFS graph o

4. Binaries stored on cloud object store.

5. Distribute to users

Concrete example: OSCA book
> pkgs_OSCA basics_qc <- c('scRNAseq','scuttle’, 'robustbase’,
'scater’, 'org.Mm.eg.db")
## compare these two!
> AnVIL::install(pkgs_OSCA basics_qc) # binary install
Vs
> BiocManager::install(pkgs_OSCA _basics_qc) # traditional install

12
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Adoption of bioconductor_docker on clouds

RENKU

Collaborative Data Science

., ’@r
‘:‘ Me_lbour‘ne Bioinformatics = A n V I L

How can you get started with the cloud?
e Getacloud account - Azure is a great place to start.
o Depending on research credits - Google Cloud or AWS are potential solutions as well.
e Look up Bioconductor solutions for cloud
o Docker images remove configuration issues
o Binary package installations speed up experimentation / learning

Run Docker images on Azure Container instances
e  Easy steps to run these docker images on Azure
e Base image needs to be the bioconductor/bioconductor_docker image.
e Binaries are available for ALL images
Contribution by: Jass Bagga and Dr. Erdal Cosgun
http://bioconductor.org/help/docker/#aci

Use Azure Container Instances to run bioconductor images on-
demand on Azure

Azure Container Instances or ACI provide a way to run Docker containers on-
demand in a managed, serverless Azure environment. To learn more, check out the
documentation here.

Run bioconductor images using ACI

Prerequisites:

1. An Azure account and a subscription you can create resources in

2. Azure CLI

3. Create a resource group within your subscription

You can run Azure CLI or “az cli” commands to create, stop, restart or delete
container instances running any bioconductor image - either official images by
bioconductor or images available on Microsoft Container Registry. To get started,
ensure you have an Azure account and a subscription or create a free account.

Follow this tutorial to get familiar with Azure Container Instances.

To run the bioconductor image hosted on Microsoft Container Registry or MCR,
create a new resource group in your Azure subscription. Then run the following
command using Azure CLI. You can customize any or all of the inputs. This
command is adapted to run on an Ubuntu machine:

az container create \
--resource-group resourceGroupName \
--name mcr-bioconductor \
--image mcr.microsoft.com/bioconductor/bioconductor_docker \
--cpu 2 \

13
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@ safari File Edit View History Bookmarks Window Help

r—-

(] (}

& anvilterra.bio

Welcome to AnVIL

The NHGRI AnVIL (Genomic Data Science Analysis,
Visualization, and Informatics Lab-space) is a project
powered by Terra for biomedical researchers to
access data, run analysis tools, and collaborate.

Find how-to's, documentation, video tutorials, and discussion

forums @
View Workspaces View Examples Browse Data
Workspaces connect your rowse our gallery of Access data from a rich

data to popular analysis ecosystem of data portals.

tools powered by the cloud

Use Workspaces to share
data, code, and results

casily and securely.

Privacy Policy |  TermsofService |  Security @ |  Documentation &

Microsoft Azure partnership with Bioconductor
Dr. Erdal Cosgun and his team at Microsoft Genomics
e Available now
e Bioconductor docker images availability on MCR
e Building binaries on Azure Kubernetes Service
e Distribution of binaries
e Future
e  Annotation and Experiment Hub data on Azure

Acknowledgements
e  Amazing Bioconductor Core Team
e Dr. Vince Carey
e Dr. Martin Morgan
e Dr. Rafael Irizarry

Questions

Email: nitesh@ds.dfci.harvard.edu

Questions to Bioconductor: bioc-devel@r-project.org
Join community-bioc on Slack!

8 TueOct 26 10:25PM

Copyright 2021
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S1

indirgenmis (Reduced) Rank Regresyon, Kismi En Kiiciik Kareler ve Temel Bilesenler Faktor Analizi
Yéntemlerinin Diyet Oriintiisiinii Olusturmada Istatistiksel Performanslarimin Karsilastirilmasi
(Comparison of Statistical Performance of Reduced Rank Regression, Partial Least Squares, and
Principal Components Factor Analysis Methods in Creating Diet Pattern)

Prof. Dr. Mehtap AKCIL OK

Basgkent Universitesi, Saghk Bilimleri Fakiiltesi, Beslenme ve Diyetetik Béliimii, Ankara

Amac: Hastaliklarin olusumunda ve gelisiminde tek bir besinin etkisi olmadigi, tiiketilen tiim besin gruplarinin ve
alinan besin 6gelerinin birlikte degerlendirilmesi epidemiyolojik beslenme arastirmalarinda 6nemli yer almaktadir.
Ozellikle son yillarda ¢ok degiskenli veri yapisindan daha az sayida boyuta indirgeyerek diyet driintiileri (dietary
patterns) olusturulmakta ve elde edilen skorlar ile hastaliga etki eden faktorler ¢ok degiskenli istatistiksel
analizlerle degerlendirilmektedir. Bu ¢alismada, besin gruplar1 ve 6geleri iceren gercek bir veri kiimesinde
“Indirgenmis (Reduced) Rank Regresyon Analizi (IRRA), Kismi En Kiiciik Kareler Yontemi (KEKKY) ve Temel
Bilesenler Faktor Analizi (TBFA) Yontemlerinin™ diyet Oriintiisiinii olusturmada istatistiksel performanslarinin
kargilagtirtlmasint yapmak amaglanmaistir.

Yontem: Ug farkli boyut indirgeme ydnteminin istatistiksel performanslarini karsilastirmak igin, 20-64 yas arast
120 yetiskin bireyin besin gruplarinin agiklayici ve besin dgelerinin cevap degiskenleri olarak alindigi ¢ok
degiskenli veri kiimesi kullanilmistir. IRRA, KEKKY ve TBFA yéntemlerinin matematiksel temelleri ve faktdr
¢ikarma mantiklart benzer olmakla birlikte her bir ydntem cevap ve acgiklayici degiskenlerin farkli
kombinasyonlarini igeren kovaryans matrislerini kullanirlar. TBFA, agiklayici degiskenlerin kovaryans matrisini;
IRRA, cevap degiskenlerinin arasindaki kovaryans matrisini ve KEKKY ise tiim aciklayici ve cevap
degiskenlerinin arasindaki kovaryans matrislerini kullanarak faktor ayrigtirmasini ve skorlamasini yapmaktadir.
TBFA tiim istatistiksel yazimlarda yer alirken, KEKKY ve IRRA i¢in SAS ve R programma ve kodlarina
gereksinim vardir. Genellikle yayimlanmig ¢aligmalar bu kodlar1 ekler boliimiinde paylagmaktadir.

Bulgular: Diyetisyenlerin besin tiiketim aragtirmalarinda yaygin olarak kullandiklar1 70’den fazla gida maddesi
énerilen gruplara gére ayrilmus ve tiiketilen besinlerden alman makro ve mikro besin dgeleri BEBIS yazilim
programinda hesaplanarak veri kiimesi olusturulmustur. KEKKY, IRRA ve TBFA yontemleri uygulanmistir.
Boyut indirgeme agisindan farklilik bulunmamustir. Ancak segilen dort besin 6gesini agiklama varyanslarina gore
performanslari karsilastirildiginda TBFA’nin besin 6gelerindeki agiklama varyansi %25.6 ile %63.2; KEKKY de

%65.8 ile %89.2 ve IRRA de ise %78.9 ile %98.9 arasinda degistigi saptanmistir. En yiiksek agiklama orani
IRRA’da olup beslenmeye yonelik pek cok arastirmada da benzer sonuglar bulundugu gériilmiistiir.

Sonug: Beslenme epidemiyolojisi alaninda ozellikle hastalik ile besin alimlari arasindaki modellemelerde
Indirgenmis Rank Regresyon Analizi yontemi ile diyet riintiisii ve skorlarmin kullanilmas1 6nerilmektedir.

Anahtar Sézciikler: indirgenmis Rank Regresyon Analizi, Kismi En Kiigiik kareler Yontemi, Temel Bilesenler
Faktor Analizi, Diyet Oriintiisii
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S2
Comparison of Three Methods Used in Analysis of Longitudinal Data on Health:
ANOVA, GEE, QLS
Erdogan ASAR!, Erdem KARABULUT?

1Turkish Statistical Institute, Statistical Consultancy, Ankara, Turkey
2 Hacettepe University, Medicine Faculty, Department of Biostatistics, Ankara, Turkey

Introduction: Researchers can make multiple measurements (repeated measurements) on the same observation
unit in order to reduce the errors caused by the observation units and to see the changes in the observation units
over time. Such data based on repeated measurements are called longitudinal data. Among the methods used in
the analysis of such data are linear models such as Analysis of Variance (ANOVA), as well as Generalized
Estimating Equations (GEE) developed from Generalized Linear Models (GLM) and Quasi-Least Squares
Regression (QLS) developed from GEE. In this study, it was aimed to analyze the longitudinal data in the field of
health with ANOVA, GEE and QLS methods and compare the results.

Method: Analyzes were made on a longitudinal data set related to an experimental study in the field of health.
The data set consists of 7 quantitative measurements in terms of the dependent variable studied for the two groups,
and each group consists of 10 observation units. Quantitative measurements on two groups; It was done at unequal
time intervals, 7, 14, 28, 60, 120, 180 and 220 days. Another remarkable feature in the obtained data set is that
there are missing measurements in some observations due to the inability to measure for any reason at some
measurement times. The analysis of whether there is a significant difference between the two groups in terms of
dependent variable was made using ANOVA, GEE and QLS methods, which can be used for such data sets. The
results were compared and comments were made. Regression models in QLS and GEE were constructed using
Exchangeable, Tri-diagonal, The First Order Autoregressive (AR-1) and Markov working correlation structures.

Findings: In the analyzes performed with ANOVA, GEE and QLS, it was seen that the time effect on the
dependent variable created a significant difference (p<0.05), while the interaction effect (the effect of time and
group effect together on dependent variable) was not significant (p>0.05). It was concluded that the group effect
on the dependent variable was not significant in the ANOVA, that is, there was no statistical difference between
the groups according to the dependent variable (p>0.05). On the contrary, the group effect in GEE and QLS was
significant for all models except the model created with AR-1 correlation structure (p<0.05).

Result: It was found in all analysis methods that measurement times had an effect on the dependent variable. In
the group effect on the dependent variable, the results of ANOVA and GEE-QLS are inconsistent. While the group
effect was not significant in ANOVA, it was found to be significant in the other two methods in general. In
addition, while the group effect was not found significant in both GEE and QLS according to the model established
according to the AR-1 working correlation structure, which takes into account the measurement orders, the group
effect was found to be significant compared to the model established with the Markov correlation structure in
which the actual measurement times were used in QLS. It is concluded that it would be appropriate to use the
Markov working correlation structure in cases where repeated measurements are not made at equal time intervals.

Keywords: Longitudinal data, analysis of variance, quasi-least squares regression, generalized estimating
equations, markov correlation structure.
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S3

Cok Kategorili Hastalik Durumlarinda Tanisal Modele Yeni Bir Belirte¢ Eklenmesinin Tam
Performansindaki Degisime Etkisinin Incelenmesi

Hande SENOL’, Ergun KARAAGAOGLU?

! Pamukkale Universitesi Tip Fakiiltesi, Biyoistatistik Anabilim Dal1, Denizli
2 Hacettepe Universitesi Tip Fakiiltesi, Biyoistatistik Anabilim Dali, Ankara

Amag: Saglik alaninda, hasta ve saglikli bireylerin belirlenmesinde, tani kestirimi modellerinden elde edilen
risklerin dogru degerlendirilmesi onemlidir. iki kategorili siniflandirmalarda en sik kullanilan yéntem olan ROC
analizi yonteminden yola ¢ikarak ¢ok kategorili siniflandirma problemleri icin HUM (Hypervolume Under The
ROC Manifold) ve CCP - Dogru Smiflandirma Olasiligi (Correct Classification Probability) yontemleri
gelistirilmistir. Ancak, bu yontemlerin var olan bir modele yeni bir belirte¢ eklendiginde meydana gelen
performans artigin1 dlglimlemede basarili olmadigi diistiniilmektedir. Bu nedenle, yeni bir belirtecin modele
eklendiginde olusturulan yeni siiflama sonucunun performansini gosteren iki performans 6l¢iisii gelistirilmistir.
Bunlar; NRI (Net Reclassification Improvement) ve IDI (Integrated Discrimination Improvement)’dir.

Yontem: Bu calismada, ¢ok kategorili siniflandirma modellerinde kullanilan performans 6lgiileri HUM ve
CCP’nin, model performansina etki eden belirteglerin etkisini 6lcen NRI ve IDI ile iliskilerinin incelenmesi
amacglanmistir. Bagimli degiskenin farkli tipte oldugu durumlar géz Oniine alinarak (ordinal ve nominal),
belirteclerin modele eklenme sirasinin model performansina etkisi arastirilmstir. Incelemeler, gercek veri setleri
ve bir benzetim galigmasi ile yapilmistir. Benzetim caligmasinda, hem belirteglerin kendi arasinda hem de
belirtegler ve bagimli degisken arasinda olmak tizere; pozitif, negatif, diisiik, orta ve kuvvetli seviyelerde iliski
yapilar1 ve ordinal yapida bir bagimli degisken tasarlanmustir.

Bulgular: Sonuglarda, negatif iliski yapisinda benzetim yapilan verilerden elde edilen modellerin NRI ve IDI
degerlerinin klasik yontemler olan HUM ve CCP degerleri ile daha yiiksek diizeyde ve pozitif yonde iliskilere
sahip oldugu goriilmiistiir. Gergek veri setleri ile yapilan iki ayr1 uygulamada ise tanisal modele eklenen belirtecin
strasinin onemini Slgebilmek i¢in NRI ve IDI sonuglari incelenmis ve tahmin basarisi en yiiksek olan model
olusturulurken, belirte¢lerin modele eklenme sirasinin model performansinda meydana getirdigi artig ve azaliglar
incelenebilmistir. Elde edilen NRI ve IDI sonuglar ile en az sayida belirteg modele eklenerek en yiiksek tahmin
basarisina sahip olan modele ulagilmustir.

Sonu¢: NRI ve IDI yontemleri, HUM ve CCP yontemlerinin aksine belirtecin modele eklenme sirasindan
etkilenmektedir. Bu yontemler kullanilarak, dogru sirada eklenen daha az sayida belirteg ile dogru siniflandirma
performansinin arttirilabilecegi sonucuna ulasilmigtir. Bu yontemler, gerek bagimli degiskenin gerekse modelleme
i¢in incelenecek olan belirteclerin, her degigken tipinde (sayisal, nominal ve ordinal) kullanilabilmesi ve tim
regresyon modelleri ile uygulanabilmesi agisindan da tercih edilen yontemlerdir. Ayrica, bu yontemler parametrik
test varsayimlari gerektirmediginden, literatiirde bulunan birgok farkli yonteme gore kullanim agisindan oldukca
avantajlidir.

Anahtar Sozciikler: Cok kategorili siniflandirma, HUM, CCP, NRI, IDI
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sS4

Yapisal Esitlik Modeli ile Uzunlamasina Veri Analizi: Ortiik Biiyiime Modelleri ve Gergek Veri Seti
Uzerinde Bir Uygulama

Funda Seher OZALP ATES!, Derya GOKMEN?, ipek GONULLU3

! Manisa Celal Bayar Universitesi Tip Fakiiltesi, Biyoistatistik ve Tip Bilisimi Anabilim Dali, Manisa
2 Ankara Universitesi Tip Fakiiltesi, Biyoistatistik Anabilim Dali, Ankara

8 Ankara Universitesi Tip Fakiiltesi, Tip Egitimi ve Bilisimi Anabilim Dali, Ankara

Amag: Bireylerin ilgilenilen oOzellikleri agisindan zamana bagli degisimlerinin incelenmesini amaglayan
aragtirmalarda, bireylerden farkli zaman noktalarinda elde edilen tekrarli Olgimlerin degerlendirilmesinde
kullanilan ydntemlerden birisi de Ortiik Biiyiime Modelleri (OBM)’dir. OBM ile ilgilenilen zellik bakimindan
hem birey i¢i hem bireyler aras1 farkliliklar degerlendirilebilir. Bu ¢alismanin amaci tek degiskenli ortiik biiyiime

modelini incelemek ve gercek bir veri seti lizerinde uygulayarak sonuglarini irdelemektir.

Yontem: OBM, iki diizeyli bir analizdir. Diizey-1’de birey ici degisim, Diizey-2’de ise birey i¢i degisimdeki
bireyler arasi farkliliklar degerlendirilir. OBM’de gozlenen degiskenin tekrarli dlgiimleri modelde “gdsterge”
degisken olarak yer alir. Biiylime egrilerini tanimlamak amaciyla gézlenen degiskenler arasindaki iliskileri
aciklamak icin 6rtiik degiskenler kullanilir. OBM, sabit (o) ve egim (1) olmak {izere iki rtiik faktdr igerir. Sabit
ve egim faktorleri icin ortalamalar, varyanslar ve iki faktdr arasindaki kovaryans degeri tahmin edilir. OBM’de
tekrarli lgiilen degisken kategorik oldugunda kullanilan parametre kestirim yontemlerinden biri olan drtiik yanit
degiskeni (OYD) déniisiimiinde, kategorik yamitlar, modele ek ortik degiskenler eklenerek normal dagilim
gosteren stirekli degiskenlere (Y *) doniistiiriiliir. Sabit faktdriiniin ortalama degeri (1), ortiik yanit degiskeni Y*’1n
ortalama baslangic diizeyini ifade eder ve modelin tanimlanabilir olmast i¢in 0’a esitlenir. Egim faktdriiniin

ortalama degeri ise, zamandaki bir birimlik artisa karsilik gelen Y*’daki degisim oranini gosterir.

Bu calismada kullanilan veriler, Ankara Universitesi Tip Fakiiltesi’nde, 2012-2013 Egitim-Ogretim Yili’'nda
egitime baglayan 6grencilere belirli donemlerde olmak {izere toplamda 7 defa 19 soruluk “Jefferson Doktor Empati

Olgegi Ogrenci Versiyonu” uygulanarak elde edilmistir.

Bulgular: Verilerin OBM ile analize uygun olup olmadiginin degerlendirilmesi amaciyla 6ncelikle tekrarl:
dlgiimler arasindaki korelasyonlar incelenmistir ve verilerin OBM ile analize uygun oldugu belirlenmistir. Bilesik
puanlarla dogrusal, karesel ve par¢ali OBM analiz edilmistir ve tiimel olarak uyum indisleri degerlendirildiginde
pargali OBM (Yaklagimin Hata Kareler Ortalamasi Karekokii: 0,048, Karsilastirmali Uyum Indeksi: 0,963, Tucker
Lewis Indeksi: 0,969 ve y2/sd: 1,724) en uygun model olarak elde edilmistir. Parcali OBM sonuglarma gore,
ogrencilerin klinik dncesi donemde (1. egim degeri -0,052 (p=0,007)) empatik olma egilimlerinde zaman boyunca
diisiis varken; klinik donemde (2. egim degeri 0,044 (p=0,086)) benzer oranda daha empatik olma egiliminde
olduklar1 belirlenmistir. Ancak bu egilimler 6grenciler arasinda farklilik gostermemektedir (1. egimin varyans

degeri 0,002 (p=0,840), 2. egimin varyans degeri 0,013 (p=0,260)).
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Sonug¢: Saglik alaninda bireylerin ilgilenilen bir 6zellik agisindan zamana bagli degisimlerinin incelenmesi
amaciyla elde edilen uzunlamasina verilerin degerlendirilmesinde kullanilan yéntemlerden biri OBM’dir. OBM;
birey ici degisimdeki bireyler arasi farkliliklar1 degerlendirebilmesi, karmagsik tasarim modellerde uygulanabilmesi
ve Ozellikle de hatalarin modele dahil edilebilmesi bakimindan diger ydntemlere gore bazi avantajlar
saglamaktadir.

Anahtar Sozciikler: Kategorik Veri, Ortiik Biiyiime Modelleri, Uzunlamasina Veri Analizi
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S5

Analysis of the Relationships between Life Satisfactions, Stress Levels, Eating Attitudes and Sleep
Problems of People

Muharrem Giirleyen GOK?, Erdem KARABULUT!

! Hacettepe University Faculty of Medicine, Department of Biostatistics, Ankara
Abstract

Introduction: Persons interact with many different social and economic factors in their life cycle from birth to
death, such as the education they receive, the work they do, their marriage, family life, health status and income.
In other words, they are both physiologically and psychologically affected by these elements and affect them with
their attitudes and behaviours. In this context, the aim of the study is to examine the interactions between life
satisfaction, stress levels, sleep problems and eating attitudes of the individuals.

Method: In the study, the results of an online survey conducted to a public institution personnel were analyzed by
using Nonlinear Canonical Correlation Analysis (OVERALS).

In addition to the questions such as gender, age, weight, eating habits (fast, excessive, irregular eating), satisfaction
with weight-related appearance; the Turkish versions of the scales named Three Factor Eating Questionnaire
(TFEQ), Eating Attitudes Test (EAT), Satisfaction with Life Scale (SWLS), Perceived Stress Scale (PSS) and
Epworth Sleepiness Scale (ESS) were also included in the survey. The TFEQ measures 3 aspects of eating
behaviour of the individuals: Cognitive restraint (degree of consciously restricting their eating), uncontrolled
eating, and emotional eating (degree of eating when they are emotional). EAT specifies the possible disorders in
eating behaviour, EUS determines whether there is a problem of daytime sleepiness, SWLS evaluates life
satisfaction, and PSS measures the level of stress.

Results: Out of the total 175 participants, 49% were men and 51% were women. In the age distribution, the highest
proportion belongs to the employees in the 40-49 age group with 33%. This is followed by participants in the 50-
59 age group with 28%, 30-39 age group with 21%, and 20-29 age group with 18%. Considering the sub-
dimensions of the scales used, multiple analyzes were carried out using different variable sets, as there was a large
data set in terms of the number and variety of the derived variables. In the first analysis using the results obtained
from the above-mentioned scales, it was determined that 68% of the possible maximum correlation between the
two variable sets was related to the current model (fit value=1.367).

Conclusion: As a result of the analyzes carried out with different sets of variables, for the participants of the
survey it has been determined that: Persons who fail in emotional and uncontrolled eating have high stress and
daytime sleepiness problems. Persons with average level of life satisfaction do not have daytime sleepiness
problem and their eating attitudes are normal. Women are successful in cognitive restraint and uncontrolled eating,
but unsuccessful in emotional eating. Men are successful in emotional eating but unsuccessful in cognitive restraint
and uncontrolled eating, and they do not care about their weight-related appearance. Overweight and obese people
are dissatisfied with their weight-related appearance and they fail in uncontrolled eating. People with low perceived
stress levels do not experience disordered eating and waking up tired. People with daytime sleepiness and waking
up tired often have an excessive and irregular eating attitude.

Keywords: OVERALS, Eating Attitudes, Life Satisfaction, Stress
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Sagkahm Analizinde Derin Ogrenme
frem KAR?, Erdal COSGUN?, Atilla Halil ELHAN?!

Y4nkara Universitesi T, ip Fakiiltesi, Biyoistatistik Anabilim Dali, Ankara
2 GenomicsTeam, Microsoft Research&Al, Redmond, WA, USA

Amac: Bu ¢aligmada, sagkalim analizine derin 6grenme tabanli bir yaklagim olan DeepSurv uygulanmasi ve
sonuglarin makine 6grenmesi yontemlerinden RSF ve klasik istatistiksel yontemlerden Cox regresyon ile
karsilagtiritlmasi amaglanmustir.

Yontem: Burada, tiiretilmis veri setleri kullanilarak bir benzetim ¢alismasi gergeklestirilmistir. Bu kapsamda
orneklem biiylikliigii ile sansiir oraninin ¢esitli diizeylerinin ele alindig1 ve bagimsiz degiskenlere iliskin
katsayilarin tekdiize dagilimdan tiiretildigi ¢esitli senaryolar olusturulmustur. Olusturulan her senaryo ise 100
kez tekrarlanmistir. Belirlenen senaryolara ek olarak, bagimsiz degisken katsayilarina iligkin 6n belirlemenin
yapilmadigi, R programlama dilindeki “coxed” paketindeki mevcut haliyle birakildig1 ayri senaryolar da
olusturulmustur. Yontemlerin karsilastirilmasinda Harrell’in C-indeks degeri kullanilmistir. Verilerin tiiretilmesi,
RSF ve Cox regresyon yontemlerinin uygulanmasi R programlama dili (ver. 3.6.3) ile gergeklestirilmistir. Derin
6grenmeye iliskin analizler ise Python programlama dilinde gerceklestirilmistir.

Bulgular: Yapilan benzetim ¢alismasi sonucunda, bagimsiz degisken katsayilarinin tekdiize dagilimdan
tiiretildigi senaryolarda tiim ydntemlerin tahminleme basarisi yiiksek bulunmustur. Orneklem biiyiiklii gii arttikca
yontemlerin performansi artmistir. Sansiir oraninin artmasi DeepSurv ve RSF yontemlerinin tahminleme
basarisini azaltmigtir. Bagimsiz degisken katsayilarinin paketteki mevcut haliyle kullanilip normal dagilimdan
tiretildigi durumda ise ti¢ yontem sonucunda da 0,50-0,60 civarinda bir C-indeks degeri elde edilmistir.

Sonug: Senaryolardaki farklilagmanin etkisi Cox regresyonda gozlemlenemezken, RSF ve DeepSurv
yontemlerinde parametrelerdeki degisimin etkisi agik bir sekilde ortaya konmustur. Sonug olarak, derin 6grenme
oldukga hizli gelisen bir alandir. DeepSurv algoritmasinda ¢ok sayida hiperparametre kullanilmasina ragmen,
mimarisi anlagilir ve basittir. Hiperparametre sayisinin ¢ok olmasi, model basarisini arttirmak i¢in avantajlidir.

Anahtar Sozciikler: Cox regresyon, DeepSurv, Harrell’in C-indeksi, Random Survival Forest, Sagkalim
Analizi
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Kalp Yetmezligi Hastalarinda Sagkalim Tahmini icin Makine Ogrenmesi Modellerinin Performanslarinin
Karsilagtirillmasi ve Sagkalim ile iliskili En Onemli Faktérlerin Belirlenmesi

Riistem YILMAZ!, Fatma Hilal YAGIN?

Samsun Gazi Devlet Hastanesi, Kardiyoloji Bolimii, Ilkadim, Samsun, Tiirkiye
2[nénii Universitesi Tip Fakiiltesi Biyoistatistik ve Tip Bilisimi Anabilim Dali, Malatya, Tiirkiye.

Giris: Bu caligmada kalp yetmezligi olan hastalarin sagkalim durumunu tahmin etmek i¢in makine dgrenmesi
yontemlerinin performanslarinin karsilastirilmasi ve kalp yetmezligi hastalarinin sagkalimimi en ¢ok etkileyen
faktorlerin belirlenmesi amaglanmustir.

Yontem: 299 kalp yetmezligi hastasinin tibbi kayitlarini igeren bir veri seti analiz edilmistir. Veri setindeki simif
dengesizligi problemini (6len: 96 (% 32.1), yasayan: 203 (% 67.9)) giderebilmek icin oversampling yontemi
kullanilmustir.  Lojistik Regresyon, Rasgele Orman ve Destek Vektdr Makinesi algoritmalar ile 3 ayri model
olusturulmustur. Hiperparametre optimizasyonu icin 10 katli 5 tekrarli ¢apraz gecerlilik ile 1zgara arama yontemi
kullanilmistir. Olusturulan modellerin performansint degerlendirmek icin dogruluk, duyarlilik, secicilik ve F1 skor
degerleri hesaplanmustir. Ek olarak kalp yetmezligi sagkalimini en ¢ok etkileyen faktorleri bulmak igin degisken
onemlilikleri incelenmistir. Analizler Python programinda gerceklestirilmistir.

Bulgular: Sonuglar incelendiginde, Rasgele Orman modeli kalp yetmezligi sagkalim tahmini igin en iyi
performansi gosterdi (Dogruluk: % 90.2, Duyarlilik: % 94.6, Secicilik: % 86.7, F1 Skor: % 89.7). Serum kreatinin
ve ejeksiyon fraksiyonu degiskenleri kalp yetmezligi olan hastalarin sagkalimini tahmin etmek i¢in en 6nemli iki
faktor olarak bulunmustur.

Sonug: Elde edilen sonuglar, bir kalp yetmezligi hastasinin hayatta kalip kalamayacagini tahmin ederken saglik
calisanlari i¢in yeni bir destekleyici arag haline gelerek klinik uygulamayi etkileme potansiyeline sahip olabilir.
Kalp yetmezIligi olan bir hastanin hayatta kalip kalamayacagini tahmin etmenin yani sira bu hastalarda ilk olarak
serum Kreatinin ve ejeksiyon fraksiyonuna odaklanabilir.

Anahtar Sozciikler: Kalp Yetmezligi, Simiflama, Parametre Optimizasyonu, Degisken Onemliligi.
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Detection of Anaemia and Anaemia-Related Factors in Pregnant Women by Supervised Machine
Learning Methods

Riiveyda YILDIRIM?, Mehmet Onur KAYA?, Burkay YAKAR?, Bilal ALATAS?®

E-mail: ruveyda23@hotmail.com

! Firat University Faculty of Medicine, Department of Biostatistics and Medical Informatics, Elaz13
2 Firat University Faculty of Medicine, Department of Family Practice, Elaz1g
3 Firat University Faculty of Engineering, Department of Software Engineering, Elazig

Abstract:

Introduction: In the study, it was aimed to establish a clinical decision support system by detecting pregnancy
anemia and related factors with supervised machine learning methods in the pregnant population living in the city
center of Elazig.

Method: Our patients were randomly selected from 3228 general pregnant population registered in family health
centers in the first half of 2019, according to population size, as a sample of roughly 489 pregnant women to
represent all pregnant women residing in the city center of Elazig. Using the Java-based open source Weka
software and the study’s data, supervised machine learning approaches were used to develop classification models
that can diagnose anemia. The anemia detection system, which was created with rule-based Jrip, OneR, and PART
algorithms, was compared in test data according to different success metrics such as Accuracy, Precision, and
AUC (Area Under The Receiver Operating Characteristic Curve). For the test data, the 5-fold cross-validation
method of the training set was used.

Findings: In the study, success criteria were obtained according to the 5-fold cross-validation method of three
algorithms. The Accuracy, Precision, and AUC values of the Jrip algorithm were found as Jripacc=0.919,
Jripere=0.923, Jripauc=0.947 respectively. The Accuracy, Precision, and AUC values of the OneR algorithm were
found as OneRacc=0.854, OneRpre=0.850, OneRauc=0.795 respectively. The Accuracy, Precision, and AUC
values of the PART algorithm were found as PART acc=0.919, PARTpre=0.922, PART auc=0.942 respectively.

Result: According to the 5-fold cross-validity test type of rule-based algorithms, the Jrip method produces the
greatest results in terms of the classification models' Accuracy, Precision, and AUC success metrics, while the
OneR algorithm produces the worst results.

Key Words: Machine Learning, Classification, Anaemia
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Evaluation of Traditional Machine Learning and Mixed Effect Machine Learning Model Performances by
Simulation Study

Ebru TURGAL!, Beyza DOGANAY ERDOGAN?

12 Ankara University, Faculty of Medicine, Department of Biostatistics, Ankara.
e-posta: ebruturgal@gmail.com

1. Objective

Development of machine learning has increased rapidly in recent years and many algorithms have been developed
in this regard. So far, only one study has been found examining the performance of mixed-effects machine learning
models in grouped data [42].

In this study, the efficiency of mixed-effects models (LME), which is one of the standard models used in
classification of grouped data and mixed-effects machine learning models, which is a new approach, will be
compared under different scenarios.

2. Method
2.1 Community Methods
2.1.1.Bagging

This algorithm is the abbreviation of bootstrap and aggregating terms and was put forward by Breiman in 1996
[62]. The purpose of the bagging algorithm is to generate new datasets randomly by using the training dataset, thus
make differences between clusters and increasing the classification success. In addition, it aims to retrain the
classification model by deriving new sets from the training dataset with the random selection method by with
replacement. The first step in the bagging method is to divide the dataset into a training set and a test set. From the
training set containing n samples, one or more new training sets with n samples are produced by with replacement
by random selection method. Each classifier in the ensemble formed by the bagging method is trained with a
training set containing different samples. The result of each classifier is combined with majority voting [9,62,63].

2.1.2. Boosting

Boosting algorithm was developed by [49] in 1999. Boosting algorithm is a sequential method based on slow
learning and aims to learn from error. These algorithms combine several low-precision models to create high-
precision models. The aim is to try to obtain a strong model by combining the models obtained in each iteration
within the framework of certain rules [62,63].

2.1.3. Gaussian Process

Gaussian processes [60] are flexible non-parametric function models that achieve state-of-the-art estimation
accuracy and allow making probabilistic estimations [20].

The Gaussian process is a non-parametric Bayesian approach to regression used to approximate functions [5]. The
Bayesian approach determines a probability distribution over possible functions. [29]. The algorithm for this process
is a powerful algorithm for modeling nonlinear relationships between the pairs of random variables. It defines a
distribution over functions that can be applied to demonstrate uncertainty about the actual functional
relationship [60].

Gaussian process are used in areas such nonparametric regression, modeling of time series [53], spatial [6] and
spatio-temporal [10] data, emulation of large computer experiments [28] optimization of expensive black box
functions [27] and parameter tuning in machine learning models [55].

The Bayesian approach determines a probability distribution over all possible values. In this approach, parameters
are behaved as previously distributed random variables. Other supervised learning methods also learn exact values
for each parameter. Gaussian process regression calculates the probability distribution over all acceptable functions
that fit the data. The a priori point is determined, the posterior point is calculated using the training data and
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compared with the estimated posterior at the respective points. In this method, result of ¥.(y — $)? equation should
be minimal [5].

Input Data Gaussian Process Neural Network Random Forest

Figure 1: Classifier comparison outputs

Figure 1 shows the classification functions learned by the different methods used to separate the blue and red
dots. Neural network and random forest, which are widely used and powerful methods, produce predictions away
from the training data. The Gaussian process obtains the model output with greater accuracy, which is particularly
important in authentication and security-critical uses [29].

In addition, the gaussian process is widely used in motion planning, positioning, localization and mapping in
the field of robotics [24,62].

2.1.4. Gaussian Process Boosting

The model is trained using the GPBoost (Gaussian Process Boosting) algorithm. This takes place by training the
covariance parameters of random effects and the mean F(X) function with a tree ensemble model. The algorithm
used is an boosting algorithm that iteratively learns the covariance parameters and adds a tree to the tree ensemble
using a gradient or Newton acceleration step. Covariance parameters can be learned using (Nesterov acceleration)
gradient descent or Fisher scoring [54].

For finite samples, boosting tends to overfit and to avoid this, early stopping should be applied, especially in
regression tasks.

2.1.5. Mixed Effect Model with Gaussian Process

In mixed-effects models of the Gaussian process, the first moment is usually assumed to be either zero or a linear
function of the covariates. The residual structured variation is then modeled using the zero-mean Gaussian process
and/or the grouped random effects model. However, both the zero mean and linearity assumption are often
unrealistic and higher prediction accuracy can be achieved by relaxing these assumptions [54]. Also, if the mean
function of a Gaussian process model is misidentified, spurious second-order non-stationarity can occur because
the covariance function of such not well-defined model is equal to the true covariance function plus the square of
the error of the mean function [2,17].

In state-of-the-art supervised machine learning algorithms, particularly with boosting, a flexible and potentially
complex function is assumed to associate a set of predictive variables with a response variable. Based on the
predictive variables, the response variable is assumed to be independent between observations. This means that
potential residual correlation, where, correlation not explained by the regression function, is ignored [54]. Briefly,
this approach proposes to model the mean function and the predicted parameters of the covariance structure of
random effects with the mean function with a community of basic learners, such as regression trees that learn
incrementally using boosting [32].

2.1.6. Simulation Study

A linear function is included to observe the comparison between the mixed-effects machine learning model and a
linear mixed-effects model. This function is shown in Equation 1.

In addition, the nonlinear function 'Friedman3' is also included in the simulation study. The 'Friedman3' function
was first introduced by [15] and is frequently used to compare nonparametric regression models (Equation 2).
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y(x)=C*x+2 (Equation 1)

x1X2—% R

y (x) = C*arctan x713 (Equation 2)
0

The constant C is chosen so that the variance of F(X) is equal to 1, as can be seen in previous equations, namely

F(X) has the same power as the random effects.

y=FX)+ Zb+¢&b~N(0, }), &~ N(0,0°L,) (Equation 3)
Sample sizes of 5000, 10000 and 15000; group numbers were taken as 250, 500, 1000.

A ssingle grouping variable was used. However, random effects can also be used, including hierarchically clustered,
nested, crossed, and random coefficient effects.

In the simulation study, random effect variance was taken as 1, error variance as 1 and 4 separately.
2.1.6.1. Model parameters for GPBoost

Max_Depth: The value of the tree's branches extending downwards. In other words, it is the depth of the tree. It
should be optimized to avoid over-learning. Too much branching causes over-learning and too little branching
causes under-learning. The default parameter is -1.

Learning_rate: A value between 0-1 for scaling trees. A smaller value helps better predictive power. But, it will
increase learning time and the possibility of over-learning. The default parameter is taken as 0.1.

Iterations: It shows the number of trees to be created. Itis also used with the
names "num_boost_round”, "n_estimators", "num_trees", "num_iterations™ in different algorithms . If it is taken
too small, it can cause under-learning, and too much can cause over-learning. In addition, the increase in the

number increases the training time. The default parameter is 32.

Early_stopping_rounds: It is the parameter used to prevent over-learning. After finding the most suitable step,
number of trials should be specified. With the value of 100, the model performs 100 more iterations after the
optimal, and the model stops learning even if the target parameters are not captured. For example, if the number
of iterations is 2000 in the first parameter, if the optimal moment is reached in the 1000th iteration, the model will
stop there. The default parameter is taken as 5.

Verbosity: In each iteration, the model's learning status, total time and remaining time are output. This output takes
up too much space on the screen in case of multiple iterations and does not provide enough information to be worth
it. The default parameter is set to 0.

feature_fraction: If less than 1.0, it randomly selects a subset of features (parameters) at each iteration (tree). For
example, if taken as 0.8, the algorithm will select 80% of the parameters before training each tree. The default
parameter is 1.0.

subsample: The subsample ratio of the training sample. It checks the samples given to the trees. For example, if
set to 0.5 it means allowing the algorithm to randomly sample half of the training data before growing the trees,
which will prevent over-learning. The default parameter is 1.0.

In order to make an objective comparison of the decision tree algorithm and boosting algorithms used, the basic
parameters used in the algorithms were entered the same for each algorithm. Parameters with the same values are
respectively; “n_estimators” are “learning_rate” and “max_depth”. A high max_depth value creates a more
complex model and increases the likelihood of overfitting. In addition, the cross validation value operation was
performed by determining the K-fold value as 4. The cross validation value process was used in all models in this
thesis with the same parameter values. On the other hand, the 'n_jobs' parameter ensures that the calculation
process is done using parallel processors, so that the processes are carried out faster. Taking the value of -1 for this
parameter ensures that all CPUs are used [9].

2.1.6.1.1 Tuning parameters for GPBoost

Tuning parameters were chosen using 4-fold cross validation on the training data with RMSE as a criterion and
ignoring random effects for GPBoost model predictions.
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Figure 2: Parameter tuning for the training set using 4-fold cross validation [19]
2.1.6.2. Model parameters for MERF

Merf Python package (version 0.3) is used for the MERF algorithm. A maximum tree depth limit was not set and
the number of trees was set to 300. These are the default values of the MERF package [23].

2.1.7. Error Measurement Parameters
2.1.7.1. Root Mean Square Error (RMSE)

The Root Mean Squared Error (RMSE) is the standard deviation of the residuals (estimation errors). The residuals
are a measure of how far the regression line is from the data points. The RMSE is a measure of how far these
residues have variated. In other words, it tells how dense the data is around the optimal line. Root mean square
error is widely used in climatology, prediction and regression analysis to validate experimental results. RMSE is
expressed by the following equation [1].

n @i—y)?
[ —

RMSE = (Equation 4)

2.1.7.2 System Capacity

All remaining calculations are performed on a personal computer with an Intel Core i7 2.8 GHz quad-core
processor and 8 GB of random access memory (RAM).

3. Results

Table 1: It shows the results for the grouped random effects model and the mean F = 'linear’
a2: random effects variance o: error variance

Linear ME MERF GPBoost

NS“:;:’:;? NéT:j;SOf o2 | o2 | RMSE ti('s‘;e RMSE | time (s) | RMSE ti(z;e
250 1 1 1.241 0.009 1.246 | 134.018 | 1.250 0.060

5000 500 1.218 0.016 1.224 | 183.194 | 1.234 0.068
1000 1.272 | 0016 | 1.283 [ 277.043 | 1.284 | 0.110

250 1 | 4] 2136 | 0005 | 2.145 |139.471 | 2.152 | 0.130

5000 500 2217 | 0.002 | 2.134 | 185.186 | 2.240 | 0.113
1000 2.235 0.002 2.197 | 285.063 | 2.258 0.147

Table 2: It shows the results for the grouped random effects model and the mean F = 'linear’
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a%: random effects variance o2: error variance

Linear ME MERF GPBoost
N;{;:’;;sf Ng::uegs‘)f o? | 62 | RMSE ti(:;e RMSE | time (s) | RMSE ti(';;e
250 1 1 1.240 0.008 1.244 | 186.374 | 1.246 0.099
10000 500 1.230 | 0.015 | 1.235 | 214.008 | 1.236 | 0.098
1000 1.267 0.012 1.270 | 316.856 | 1.273 0.128
250 1 4| 2146 0.011 2.152 | 180.332 | 2.156 0.192
10000 500 2.151 0.016 2.160 | 216.040 | 2.162 0.187
1000 2.252 | 0.016 | 2.185 | 336.068 | 2.268 | 0.194
Table 3: It shows the results for the grouped random effects model and the mean F = 'linear'
o%: random effects variance o: error variance
Linear ME MERF GPBoost
N;;nnf’:;;’f Ng::j;:f o2 | o2 | RMSE “(';;e RMSE | time (s) | RMSE “(:;e
250 1 1 1.232 0.016 1.236 | 274.723 | 1.238 0.117
15000 500 1.219 0.036 1.222 | 246.556 | 1.224 0.154
1000 1.244 0.016 1.245 | 316.872 | 1.246 0.166
250 144 | 2118 0.017 2.123 | 368.940 | 2.126 0.246
15000 500 2.121 0.016 2.126 | 238.088 | 2.130 0.270
1000 2.142 0.016 2.144 | 337.542 | 2.147 0.314
Table 4: It shows the results for the grouped random effects model and the mean F = ‘friedman3'
a%: random effects variance o2: error variance
Linear ME MERF GPBoost
NSuar?r:JSIZSOf NgT:j;SOf % | 62 | RMSE “(:;e RMSE | time () | RMSE “(:;e
250 1 1 1.404 0.007 1.256 | 143.624 | 1.258 0.051
5000 500 1.400 0.004 1.257 | 184.849 | 1.257 0.062
1000 1.441 | 0.062 | 1.289 | 282.554 | 1.290 | 0.092
250 14| 2264 0.005 2176 | 141.552 | 2.183 0.127
5000 500 2.264 0.012 2,181 | 183.743 | 2.188 0.120
1000 2.331 0.002 2199 | 282.643 | 2.261 0.154

Table 5: It shows the results for the grouped random effects model and the mean F = ‘friedman3’

a%: random effects variance o: error variance
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Linear ME MERF GPBoost
N;;“r:;resf Ng::j;s‘)f o? | o2 | RMSE ti(:;e RMSE | time (s) | RMSE ti(';;e
250 111 1.429 0.009 1.282 | 203.847 | 1.275 0.124
10000 500 1.389 | 0.014 | 1.236 |241.786 | 1.232 | 0.116
1000 1.401 0.016 1.252 | 329.883 | 1.250 0.146
250 1 {4 | 2258 | <0.001 | 2.167 | 204.314 | 2.170 0.188
10000 500 2225 | 0.010 | 2.139 | 242465 | 2.138 | 0.206
1000 2.244 | 0.022 | 2.159 | 330.809 | 2.164 | 0.236
Table 6: It shows the results for the grouped random effects model and the mean F = ‘friedman3'
a?: random effects variance o2: error variance
Linear ME MERF GPBoost
N;;nnf’:;;’f NéT:j;SOf o? | o | RMSE “(:;e RMSE | time (s) | RMSE “(:;e
250 1 1 1.390 0.016 1.253 | 314.325 | 1.246 0.131
15000 500 1.391 0.017 1.258 | 296.733 | 1.249 0.144
1000 1.393 | 0.025 | 1.249 | 378.842 | 1.243 | 0.178
250 14 | 2223 0.031 2.146 | 310.047 | 2.147 0.249
15000 500 2.227 0.010 2.153 | 294.676 | 2.151 0.254
1000 2.239 0.014 2.158 | 376.587 | 2.158 0.307
4. Conclusion

It is recommended to use generalized mixed-effects models to relax the linearity assumption in mixed-effects
models. This may cause the model to be fitted incorrectly. For this reason, clustered or grouped random effects
models for longitudinal data, non-parametric, machine learning-based approaches have been proposed. [38] merf
model, [54] used the GPBoost model.

GPBoost machine learning algorithm is an effective method for both relax the linearity assumption in Gaussian
process and mixed effects models, and relaxing the independence assumption for boosting.

In the case of linear models, coefficient estimates are less effective when fixed effects are used rather than random
effects. Therefore, the mean function is likely to be estimated to be less efficient when using boosting for fixed
effects [54].

p-values were also calculated from dependent t-tests comparing the GPBoost algorithm with other approaches. It
has proven that the differences between the methods were significant statistically (p<0.001).

No matter how long it worked, the convergence of the MERF algorithm could not be observed most of the
time. This may be related to the MERF algorithm not having a properly defined EM algorithm.

In the simulation step of the study, for a nonlinear function, GPBoost showed a better performance in terms of
RMSE and time than MERF and LME methods. However, when a linear function is considered, LME gives a
better result.

32



XXII. Ulusal v e V. Uluslararasi Biyoistatistik Kongresi Sozlu Bildiriler
XXII. National and V. International Biostatistics Congress Oral Presentations
28-30 Ekim 2021 Cevrim igi Kongre — Online Congress

This method, in the field of medicine; the localization of gene and protein markers contributes to additional
solution, in short, more informative and promising diagnostic decision-making about disease pathogenesis and
etiology. In the field of robotics; it can perform effectively in motion planning, positioning, localization and
mapping. In the field of sports; the use of past years for NBA free agency estimation can be continued [41].

Keywords: Machine Learning, Random Effects, Simulation
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Comparison of Some Classification Methods in Ordinal Data Structure by Simulation
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Aim: This study aims to examine the classification performances of classification methods (Support Vector
Machines (DVM), K-Nearest Neighbor (KNN), Ordinal Logistic Regression (OLR), Artificial Neural Networks
(ANN), Random Forest (RF), Classification and Regression Trees (CART)) when the response variable is in
ordinal structure.

Method: Data sets in this research were derived using the R package program, 1000 repetitive simulation studies
were carried out with each method under various scenarios, and the classification results of the methods were
examined. With the simulation study, 3 different correlation structures (low, medium, high), 3 different ordinal
response variable categories (3, 4 and 5 categories), 5 different sample sizes (100, 250, 500, 1000, 2500) and
response variable Classification performances of the above-mentioned methods were evaluated by deriving 10
variables (1 ordinal, 3 binary, 6 continuous) for 90 different situations with or without equal distribution. 75% of
the data derived in the classification process with these methods was used as training data and 25% as test data.
While evaluating the performances of the methods, interpretations were made considering the kappa value.

Findings and Conclusion: As a result of the evaluations, it was seen that the classification performance of the
methods increased in all scenarios as the level of correlation increased. The change in sample size affected the
classification performance of the methods differently. In classification with SVM, KNN, RF methods, it was
observed that the classification performance increased or tended to increase as the sample size increased in all
scenarios. In the classification with the OLR method, in cases where the response variable has 4 and 5 categories
in the low correlation structure and is not evenly distributed, it has been observed that the increase in the sample
size decreases the classification performance of the method and increases the performance in all other scenarios.
In the ANN method, on the other hand, it was observed that the classification performance decreased as the sample
size increased. In the applications made with the CART algorithm, it was observed that the classification
performance of the method increased up to 500 sample size, and the performance began to decrease with the
gradual increase towards 1000 and 2500 sample sizes. Considering 90 different scenarios as a result of the
simulation study, it was seen that the SVM method classifies better than other methods when the response variable
is ordinal. Meanwhile, the CART showed lower classification performance when compared to other algorithms.

Keywords: Classification, Ordinal Data, Machine Learning, Ordinal Logistic Regression
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Predictive Performance of Expectation Maximization, K-Nearest Neighbors and Random Forests
Imputation Methods for Propensity Score Matching in Missing Data Problem
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Introduction: Propensity score (PS) is an effective method to control for covariates in observational studies. A
challenge in PS analyses are missing values in covariates. The aim of this study is to investigate how different
three imputation methods of handling missing values of covariates in a PS analysis can affect average treatment
on the treated (ATT) estimates.

Method: In this study, missing data imputation methods were evaluated using different data sets, whose covariates
were low, medium, and high (r=0.10, 0.50, 0.85) correlated with each other, for n=200 units and 1000 times
running simulation. Missing data structures were created according to the missing at random (MAR) mechanism
and different missing rates. Different datasets were obtained after having imputed the missing values separately
by three imputation methods including expectation maximization (EM), k-nearest neighbors (KNN) and random
forests (RF). Then the PS nearest neighbor matching was implemented and ATT scores obtained using the imputed
data sets.

Results: ATT scores that obtained from EM, KNN and RF methods ranged from 3.284 to 3.786 for low correlated
data sets, 2.941 to 3.250 for medium correlated data sets and, 2.563 to 2.702 for high correlated data sets. The RF
method was found as the method having the lowest bias value and its prediction performance showed statistical
superiority compared to the other two methods for low, medium and high correlated data sets. Additionally, almost
all imputation methods tended to produce lower bias values when less data was missing. As the rate of missing
data increased, the bias also increased.

Conclusion: Ignoring missing values on covariates for PS analyses causes information loss significantly and this
information loss becomes greater as the rate of missing data increases. PS analyses might be biased if missing data
on covariates are ignored also. To prevent this information loss and bias, PS analyses should be performed after
solving the problem of missing data on covariates by RF methods, which showed statistical superiority compared
to other two methods in this study.

Key words: Missing Data, Simulation, Propensity Score, Random Forests, Expectation Maximization, K-Nearest
Neighbors
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Comparison of Different Machine Learning Methods in the Diagnosis of Chronic Renal Failure
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Abstract

Aim: Chronic Renal Failure (CRF) is a health problem that affects the social and psychological states of
individuals and machine learning methods have an important place in its diagnosis. The aim of this study is to
evaluate prediction models with different machine learning algorithms in the diagnosis of CRF and to compare the
performances of these models.

Methods: 25 different variables related to a total of 400 people were used in the data set related to the diagnosis
of CRF taken from the University of California Machine Learning Repository (UCI-ML). Of all, 250 people have
CRF whereas 150 people do not have this disease. WEKA software was used in order to analyze the data set and
OneR, Naive Bayes, decision trees, logistic regression, support vector machines and nearest k-neighbor algorithms
were modelled. The success rates of these models were compared using the accuracy rate criterion.

Results: In this study, the algorithm with the highest performance was Decision Trees with an accuracy rate of
99% whereas the algorithm with the lowest accuracy rate was the OneR Algorithm with a rate of 92%. Accuracy
rates of other algorithms was determined as 97.75% for support vector machines, 95.75% for nearest k-neighbor,
95.75% for logistic regression and 95% for Naive Bayes.

Conclusions: In this study, when the accuracy rate criteria for the algorithms used in the diagnosis of CRF are
compared, the most successful algorithm model is decision trees with an accuracy rate of 99% and the accuracy
rate for other machine learning algorithms is over 90%. In line with these results, it can be said that machine
learning methods are very successful predictive models in the diagnosis of CRF.

Keywords: Machine learning, machine learning algorithms, chronic renal failure, accuracy rate.

Introduction

Machine learning refers to computer science techniques used to give machines the ability to learn without the need
for explicit programming. To put it more clearly, it is all of the teaching techniques that rely on statistical methods
to make computers a structure that can think and analyze like humans [1]. In this way, people become able to
analyze large and complex data that cannot be analyzed.

Machine learning is used in many sectors and fields, especially health, informatics, finance, industry, production,
agriculture and education. The question of how systems can be automatically adapted or optimized to their
environment is an important research topic for which human beings seek its answer. Machine learning is an
important data mining method that is used to answer this question and has become widespread recently. Thanks
to machine learning, significant developments have been achieved in different fields. For example, fraud detection
in the field of cyber security, identification of dangerous and unwanted e-mails detection of network security
threats and presentation of product advertisements according to preferences in the field of marketing could be
achieved by using different machine learning methods [2].

There are different algorithms developed for accurate classification predictions in machine learning. Among these
algorithms, OneR, linear regression, logistic regression, Naive Bayes, support vector machines, k-nearest
neighbor, decision trees, random forest, random tree algorithms are the most widely used. The common purpose
of these algorithms is to create the statistical model that helps to predict most accurately the variable that wanted
to be classified by using the information from other variables, and improve by learning the model created with the
data constantly added to the system [3].
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Chronic renal failure (CRF) disease can be defined as a chronic and progressive deterioration state in adjusting the
fluid-solute balance of the kidney and metabolic-endocrine functions as a result of decreased glomerular filtration
value. Kidney size have reduced in most of the CRF patients. The clinical signs and symptoms of the patients are
closely related to the underlying pathology, the degree of renal failure and the rate of development [4, 5]. In
addition to its medical aspect, CRF disease also affects the social, economic and psychological conditions of the
patients.

In the 2019 Turkish Kidney Registration System Report of the Turkish Society of Nephrology, it was stated that
there were 61341 hemodialysis, 3292 peritoneal dialysis, and approximately 19150 organ transplants including
pediatric cases in total 83783 kidney failure cases in Turkey [6]. Many techniques and models have been developed
to diagnose this disease early. There are different machine learning methods among them. Machine learning
methods are effectively used in the early diagnosis of various diseases and in the treatment process in the field of
health, as in many areas [7].

The aim of this study is to create prediction models with different machine learning algorithms in the diagnosis of
CRF and to evaluate the performances of these models by comparing them.

Method
Study Data

The data used in this study was taken from the University of California Machine Learning Repository (UCI-ML).
In the data set of chronic renal failure disease, 25 different variables belonging to 400 people were used (Table 1).
While 250 of the 400 people in the data set have CRF, 150 of them do not have this disease [8]. WEKA software
developed by the University of Waikato was used in this study.

Table 1. Data characteristics used in the study

Seq'l\ljznce Variable Definition Measurement and Range Value | Numeric/Categorical
1 Age Age year Age of patient Numeric
2 bp Blood plesure mm/Hg Numeric
3 sg Specific gravity 1822 -1010-1.015-1.020- Categorical
4 al Albumin 0-1-2-3-4-5 Categorical
5 su Sugar 0-1-2-3-4-5 Categorical
6 rbc Red blood cells normal/abnormal Categorical
7 pc Pus cell normal/abnormal Categorical
8 pcc Pus cell clumbs available/not available Categorical
9 ba Bacteria available/not available Categorical
10 bgr Blood glucose random | mgs/dI Numeric
11 bu Blood urea mgs/dI Numeric
12 sc Serum creatinine mgs/dI Numeric
13 sod Sodium mEqg/L Numeric
14 pot Potassium mEqg/L Numeric
15 hemo Hemoglobin gms Numeric
16 pcv Packed cell volume numeric value Numeric
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17 wc White blood cell cells/cumm Numeric

18 rc Red blood cell count millions/cmm Numeric

19 htn Hypertension yes/no Categorical
20 dm Diabetes mellitus yes/no Categorical
21 cad Coronary artery disease | yes/no Categorical
22 appet Appetite good/bad Categorical
23 pe Pedal edema yes/no Categorical
24 ane anemi yes/no Categorical
25 class Class CRF/NCRF Categorical

Methods in Classification

As with other prediction models, classifications made with statistical models created with machine learning
algorithms aim to find the closest prediction to the truth. In this study, OneR, Naive Bayes, decision trees, logistic
regression, support vector machines and nearest k-neighbor algorithms are used [9].

OneR Algorithm: In this algorithm, it is existed variable that gives the best result from the variables and a
classification is made using only this variable. In this method, an error matrix is created for each variable and the
accuracy rates in these matrices are calculated and the classification is made by using the variable that gives the
best result [10].

Naive Bayes Algorithm: In this algorithm, the probability of the values received in all variables for each patient is
calculated and the result in the target variable is estimated. Thus. the percentage of accuracy is calculated with the
estimates found for all patients [5, 10].

p(B|A).r(a)
P(B)

P(AIB) = )

Decision Trees (J48) Algorithm: This algorithm is a frequently used data mining approach because it is
advantageous for decision makers in terms of easy interpretation and comprehensibility. In the general approach,
in decision trees the entropies belonging to the variables are calculated with Shannon's Theorem. Decision tree
with maximum entropy value calculated from variables composes top branch of the decision tree [1, 5].

Entropy calculation formula for each variable;

i=1 Pi-Log,(P;) )
P;: The relevant variable i. is the probability value of the category.
By making these calculations for each variable, the classification is shaped down as a tree branch.

Logistic Regression: It is an algorithm model that can be used when the variable to be predicted is categorical. In
linear regression, the parameters of the independent variables are estimated by the least squares method while in
logistic regression, the parameters are calculated by the maximum likelihood probability method. The aim of the
maximum likelihood probability method is to select the best parameters that maximize the probability of
occurrence of the data set from the infinite parameter pool. Since there is more than one independent variable in
the data set used in this study, multiple logistic regression, the formula of which is given below was used [5, 9,
11].

Logit[P(Y = 1)] = a + Bixy + Boxy + -+ + Brxx 3)

Support Vector Machines (SVM): This algorithm, similar to the logistic regression algorithm aims to create the
best line or shape that separates the categories of the target variable. It is known that in many applications, support
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vector machines outperform traditional machine learning methods and are shown as a powerful tool for solving
classification problems [5, 9].

Nearest K-Neighbor (K-NN): In this algorithm, there are k people closest to the person estimated during
classification, and the relevant person is included in that class, just as the majority of these people are classified.
If k is taken as 1, the patient to be estimated is included in the class of the closest patient. While calculating the
proximity distance between neighbors, usually the euclidean measure is used [3, 5].

Performance Criteria

The indicators used to evaluate the performance of machine learning algorithms are called performance criteria.
Accuracy, sensitivity, specificity and susceptibility are the most commonly used performance criteria [1, 5, 11].
In this study, accuracy ratio was used as performance criteria. The accuracy rate is calculated with divide the
number of all categories that the algorithm used correctly predicts in the target variable by the total number of
people. The accuracy rate is obtained using the confision matrix shown in Table 2.

Table 2. Confision matrix

Confision Matrix Accuracy Rate

T(CRF) T(NCRF)

[T(CRF)+T(NCRF)] /N
F(CRF) F(NCRF)

Given in the confision matrix;

N : Total number of people

CRF : People with chronic renal failure

NCRF : People without chronic renal failure

T(CRF) : People with correctly predicted and chronic renal failure

F(CRF) : People with wrong predicted and chronic renal failure

T(NCRF) : People who are correctly predicted and do not have chronic renal failure
F(NCRF) : People who are wrong predicted and do not have chronic renal failure disease
Results

Accuracy rates with respect to algorithms are given in Table 3. The results of the study revealed that accuracy
rates were computed as 92% for OneR, 95% for Naive Bayes, 99% for decision trees, 95.75% for logistic
regression, 97.75% for support vector machines and 95.75 for nearest k-neighbor.

Table 3. Comparison of machine learning algorithms

Sequence | Ajqorithms T(CRF) |F(CRF)  |T(NCRF) |F(NCRF) |Accuracy Rate

No [T(CRF)+T(NCRF)]/N
1 OneR 229 11 139 21 92.00%

2 Naive Bayes 230 0 150 20 95.00%

3 Decision Trees (J48) | 249 3 147 1 99.00%

4 Logistic Regression 238 5 145 12 95.75%

5 Support Vector 241 0 150 9 97.75%

Machines (SVM)
6 Nearest K-Neighbor | 233 0 150 17 95.75%
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Graphical representation of accuracy rates is presented in Figure 1.

Accuracy Rate
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Figure 1. Accuracy rates of algorithms
Discussion and Conclusion

In this study, machine learning methods were compared in the diagnosis of CRF and, the accuracy rate was used
as a performance criterion. The results of the study highlighted that the highest performance was achieved by the
decision tree algorithm with an accuracy rate of 99%. This algorithm is respectively followed by support vector
machines with an accuracy of 97.75%, logistic regression and nearest k-neighbor algorithms with an accuracy of
95.75%, Naive Bayes with an accuracy of 95%, and finally a OneR algorithm with an accuracy of 92%.

Indicators and results of some academic studies similar to this study are shown in Table 4 [12, 13, 14, 15, 16].

Table 4. Similar academic studies and their results [12, 13, 14, 15, 16].

“Prediction and Diagnosis of Heart Disease by Data Mining Techniques” 2015

Decision Trees (J48) 83.73%
Nearest K-Neighbor 82.78%
Support Vector Machines (SVM) 82.78%
Naive Bayes 81.82%

“Comparison of Machine Learning Algorithms in WEKA” 2017

Naive Bayes 71.70%
Decision Trees (J48) 75.50%
Multi-Layer Perceptron (MLP) 64.70%

“Performance Evaluation of Machine Learning Algorithms in Post-operative Life Expectancy in the Lung
Cancer Patients” 2015

Naive Bayes 74.40%
Decision Trees (J48) 81.80%
Multi-Layer Perceptron (MLP) 82.30%
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“Comparative Analysis of Classification Algorithms Using Weka” 2018
Naive Bayes 95.00%
Decision Trees (J48) 99.00%
Multi-Layer Perceptron (MLP) 99.75%
Random Tree 95.50%

“Comparison of decision trees used in data mining” 2019

Decision Trees (J48) 67.79%
Random Tree 62.92%
REP Tree 67.28%
Hoefding Tree 69.65%
Logistic Regression 70.33%

As seen in the studies given in Table 4, when the machine learning algorithms working with similar data sets are
examined, the decision tree algorithm is generally among the algorithms that produce the best predictions and have
a high accuracy rate. It was not found very large deviations in terms of accuracy rate between the machine learning
methods used both in our study and the similar academic studies we have given as examples. In other words, the
accuracy rates of the algorithms used generally give results close to each other.

In addition, among the different machine learning methods shown in Table 4, decision trees, Naive Bayes,
multilayer perceptron algorithms were used more frequently. The differences between the accuracy rates of all
algorithms used are about 10% at most. Therefore, it can be stated that the different algorithms can create models
which are close to each other with an accuracy rate.

All six machine learning algorithms used in this study have an accuracy rate over 90%. In line with this result, it
is possible to say that the models established by the machine learning methods are successful predictors in the
diagnosis of chronic kidney failure disease.

As a result of these and similar studies, it can be seen that machine learning algorithms can be developed further
and different machine learning algorithms can be created that can produce predictions much closer to reality. As
a result of the academic resources created on this subject and the developing technological advances, it will be
possible to take steps that will keep the costs at the lowest level, improve the ability to make quick decisions, and
minimize the risk factor in many areas, including the health field.
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S13

Survival Prediction with Supervised Principal Components Analysis, Penalized Cox Models and Extreme
Learning Machine based Penalized Cox Models on Simulated High Dimensional Data

Fulden CANTAS?, imran KURT OMURLU?, Mevliit TURE?

YAdnan Menderes University, Faculty of Medicine, Division of Biostatistics, Aydin

Introduction: The goal of this study is to compare classification performances of supervised principal components
analysis (SuperPC), L2-penalized Cox model (Cox-L2) model and extreme learning machine-based L2-penalized
Cox model (ELMCox) on long-short term survival prediction on high dimensional survival data.

Method: SuperPC, Cox-L2 and ELMCox methods are used in order to analyze high dimensional survival data.
For this purpose, high dimensional breast cancer gene expression survival data are simulated by varying censoring
rates in R programming language. At the end of the 1000 times-repetitive simulation process, accuracy rate, area
under receiver operating characteristic curve (AUC), F1 score and Matthews correlation coefficient (MCC) are
calculated as a performance metric.

Results: Median value of accuracy rates are found to range between 0.783 and 0.800 for SuperPC; 0.800 and 0.833
for Cox-L2; 0.783 and 0.817 for ELMCox method. Median AUC values of SuperPC, Cox-L2 and ELMCox
methods are found in between 0.816 — 0.845; 0.843 — 0.866 and 0.811 — 0.863; respectively. The median value of
F1 score is found to be changing from 0.769 to 0.800 for SuperPC method; from 0.800 to 0.824 for Cox-L2 method,;
from 0.776 to 0.820 for ELMCox method. The median value of MCC changes through 0.569 - 0.606 for SuperPC
method; 0.546 - 0.645 for Cox-L2 method and 0.594 - 0.635 for ELMCox method.

Conclusion: As a consequence; Cox-L2 and ELMCox which give opportunity to analyze high-dimensional
survival data without necessity to dimension reduction show competing classification performance to frequently
used method SuperPC that analyzes high dimensional survival data after dimension reduction.

Keywords: Extreme Learning Machine, Supervised Principal Component Analysis, Penalized Cox Regression,
Survival, Simulation, Classification
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S14

Identifying the Factors Affecting the Intensive Care Unit Admission of Covid-19 Patients by Using
Multivariate Statistical Methods
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Abstract

Aim: This study concerns with identifying intensive care unit (ICU) admission of COVID-19 cases on the first
symptoms and blood-test results of admitted to Emergency Department of Ko¢ University Hospital (Istanbul,
Turkey). The aim of the study is to figure out important factors affecting ICU admission.

Method: The logistic regression and discriminant analysis integrated with variable selection and cross validation;
leave-one-out procedure were used to the multivariate statistical analysis. 73 patients’ demographics and clinical
features were included in the analyses.

Results: The performance of the logistic regression integrated backward variable selection and leave-one-out is
found higher than other logistic regression and discriminant in terms of accuracy (0.863). Glasgow Coma Score,
fever, diabetes, spo2, pulse, WBC and CRP are found as the most important factors classifying the ICU admission.

Conclusion: As a result of this study, especially having a fever, high pulse and CRP increase intensive care
admissions whereas high spo2 and WBC decrease intensive care admissions. Also, this study can be improved by
using other classification methods such as machine learning techniques and the sample size can be expanded.

Keywords: COVID-19, Intensive Care Unit (ICU) Admission, Clinical Prognosis, Logistic Regression,
Discriminant Analysis
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S15
Semiparametric shared frailty models for right-censored data using an EM algorithm
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Abstract

Aim: In survival analysis frailty models are used to accommodate unobserved heterogeneity. Clustered
time-to-event data is handled by inclusion of a latent frailty term. The latent frailty is assigned a parametric
distribution, typically, a gamma distribution due to its conjugacy in the Cox proportional hazards model. Due to
the limitations of a gamma distribution, several other frailty models are also considered in the literature, e.g. log-
normal, positive stable, etc. However the conjugacy property is lost when other distributions are used. Besides,
each distribution imposes a different correlation structure.

Methodology: This makes the use of more flexible distributions attractive as they can approximate many different
forms. In this paper, we propose to use gamma shape mixtures (GSM) for modelling frailty. Expectation
Maximization (EM) algorithm facilitates the use of more complex frailty distributions, such as GSM. Here, we
present a shared frailty proportional hazards model with a flexible form for baseline log-hazard using P-splines
and the gamma and GSM distribution for the frailty.

Findings: The methodology is illustrated on a dataset. The dataset is also analysed using frailtyEM and survival
packages in R, and the results are compared with those of the presented frailty models.

Result: The combination of the EM algorithm and of a GSM distribution provides a more flexible modelling
framework for analysing clustered right-censored data.

Keywords: flexible; right-censored; shared frailty; proportional hazards; P-splines,
misspecification.
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S16
Gradyan Artirma ve Hafif Gradyan Artirma Algoritmalar ile Kirim Kongo Verisi Uzerine Uygulama
Osman DEMIR?, Yunus Emre KUYUCU*
! Tokat Gaziosmanpasa Universitesi Tip Fakiiltesi Biyoistatistik AD. TOKAT

Amag: Makine dgrenimindeki boosting (artirma) topluluk modellerinden olan gradyan artirma (GBM) ve light
gradyan artrma (LightGBM) yontemlerinin Kirim Kongo Kanamali Atesi hastaliginda 6lim tahmininde
kullanilmas1 amaglanmaktadir. Ayrica uygulanan bu siniflayicilarin performanslari karsilastirilmaktadir.

Materyal ve Yontem: Veri seti, 209 Kirim Kongo Kanamali Atesi (KKKA) teshisi almis hastanin sagkalimi
iizerine yapilan caligmaya aittir. Veri setinde 6len hasta sayis1 28 (%13,4) ve sag kalan 181 (86,6) kisidir. Olen
hastalarin tahmin edilmesinde topluluk 6grenme yontemlerinden boosting (artirma) yontemi uygulanmaktadir.
Simiflayict olarak da gradyan artirma (GBM) ve light (hafif) gradyan artirma (lightgbm) yontemleri
kullanilmaktadir.

Bulgular: Olen hastalarin tahmin edilmesinde gbm smiflayicisina iliskin dogruluk degeri 0,967 iken lightgbm
smiflayicisinda 0,918 olarak bulunmustur. Duyarlik degeri gbm icin 1,000 iken lightgbm i¢in 0,962 olarak elde
edilmistir. Egri alt1 degerleri ise gbm ve lightgbm igin sirasiyla 0,932 ve 0,892 olarak bulunmustur. Calismada
kullanilan veri setine gore, performans Olgiileri karsilastirildiginda gbm algoritmas: daha yiiksek performans
gostermektedir.

Sonug: Topluluk &grenme yontemlerinden, gbm, lightgbm siniflayicisina gére genel olarak daha basarili bir
simiflama gerceklestirmistir.

Anahtar Sézciikler: Makine 6grenme, topluluk 6grenme, siniflayicilar, gbm, lightgbm, Kirim Kongo Kanamali
Atesi.
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S17
A Novel Approach to Clustering RNA-Sequencing Data Based on Self-Organizing Maps Algorithm
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Summary

Using gene expression data, subtypes of diseases can be determined by clustering analyses and personalized
treatments can be applied for these subtypes. Since some disadvantages of microarray technology, which has been
used for many years for these analyses, researchers have started to use RNA-sequencing technology. However,
performing clustering analyses using high-dimensional RNA-sequencing technology, which can measure the
expression level of tens of thousands of transcripts simultaneously, is not easy due to the problem of over-
dispersion in RNA-sequencing data. When the literature is examined, there are various clustering approaches that
identify new disease subtypes using RNA-sequencing data (1-3). These approaches, most of which are based on
discrete probability distributions, do not deal with the problem of over-dispersion in RNA-sequencing data. For
this reason, it has been observed that in clustering analyses using the voom (variance modeling at observational
level) transformation method, which is based on the logic of modeling the mean-variance relationship instead of
determining discrete distributions, more accurate results are achieved than approaches using discrete distributions
(4-5). It has been shown in previous studies that the self-organizing maps (SOM) clustering method, which
processes big data effectively, is robust to data noise, and is used in high-dimensional data visualization, gives
very good results in gene expression data (6). SOM clustering algorithm, an artificial neural network approach,
creates a projection that preserves the adjacency relationship in the data, unlike clustering algorithms that group
by making maximum distance between points in the cluster and minimum of the distances between any two points,
one from each cluster (7). This method is also robust to noise, called outliers, which is also abundant in RNA-
sequencing data. This study aims to introduce a new approach that can be used to detect of subtypes of diseases
by integrating the voom transform and SOM algorithm, which are powerful methods in the literature. The
experimental results performed in the study showed that the SOM algorithm used together with the voom method
gave the best results compared to the existing methods.

Keywords: Clustering, self-organizing maps, RNA-sequencing, voom, next-generation sequencing
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Abstract

High number of feature (p) and low sample size (n) parameters in microarray gene expression data obtained
through DNA microarray technology adversely affect the performance measure values of machine learning
algorithms. For this reason, it is important to apply data mining and feature selection methods in modeling
microarray gene expression data. In data mining, the data is separated by using the classification methods and the
common features of the data, and it is decided in which class the new data will be added. The main purpose of this
study; it is to obtain classification models and measure their performance after making feature selection on the
datasets of three different cancer types obtained from the NCBI-GEO database. Feature (gene) selection was
performed with varFilter, nsFilter, lasso and limma feature selection methods on microarray gene expression data
of lung, prostate and breast cancers. Classification models were obtained through support vector machines, k-
nearest neighbor and deep learning methods in datasets with feature selection. In the study conducted with the R
program, the performance values of the classification models created after feature selection with the limma method
among the feature selection methods were found to be higher. Among the obtained classification models, the
classification success of deep learning was better than other classification methods.

Keywords: Cancer, Microarray, Limma, Deep Learning, Performance
Introduction

The importance of bioinformatics is increasing day by day, as well as biostatistics, which is used in collecting and
analyzing relevant data in research in the field of health and making the right decisions through the results (1, 2,
3). Bioinformatics; it includes the fields of biology, computers, mathematics, statistics and genetics and one of the
most important research topics is gene analysis. Thanks to the DNA microarray technology used in this field,
known and unknown functions of genes are detected (4, 5, 6). Thanks to the developments in genome sequencing
and bioinformatics, better diagnosis, treatment and prevention studies are carried out by understanding the genome
structure of cancer cells and the changes in the internal dynamics of cancer (7). Finding genes directly related to
the disease with microarray gene expression data is important in the diagnosis and classification of diseases such
as cancer. Since genetic data is very large, analysis can be made with data mining methods and computer
programming (8, 9). Data mining, which first entered the literature in the 1980s, is widely used today (10-12).
Data mining, which is an interdisciplinary field, is becoming more and more accepted day by day with the
combination of concepts such as statistics, machine learning and artificial intelligence, as classical statistical
methods cannot provide valid and reliable results for large amounts of data (13, 14). The methods used in data
mining are generally divided into two as predictive and descriptive (15, 16). Predictive methods are used to obtain
the results of new situations encountered in relation to the problem, thanks to the model created by the data of
known results of any event. Classification is also among the predictive methods. Thanks to the classification
methods, a classification model is obtained with the data known to belong to which class, and it is decided to which
class the newly added data will be included (14).

The term bioinformatics has started to be used after the mid-1980s. The need for bioinformatics has increased for
the processing of the genetic information generated as a result of the Human Genome Project. Therefore, the type
of data that bioinformatics studies mostly is genetic data and accordingly gene expression data (5, 17-19). In the
second half of the 20th century, with the increase in biological knowledge, large-scale biological data are
organized, analyzed and made more understandable thanks to bioinformatics, which is an interdisciplinary science.
NCBI (National Center for Biotechnology Information), which is open to the use of researchers in bioinformatics
and was established in Maryland in 1988 to store, organize and use nucleotide sequence information, is the most
important web-based biological database (5, 20).
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The main material of genetic studies, which started with Mendel's studies in the 1800s, is DNA (Deoxyribo Nucleic
Acid). DNA is found in all living things with cells, it carries the biological information needed for the development
of the living thing and takes part in the transfer of this information to the next generations (21-23). The gene, which
forms the root of the word genetics, is the DNA regions located in the chromosomes in the cell nucleus, which
have genetic tasks such as defining physical characteristics, and have start and end points (24). Gene expression,
which shows whether the genes are active or not and how active they are if they are active for a situation being
studied, is the conversion of genes from DNA to RNA structures and proteins. There is a positive linear relationship
between overproduction of protein and high level of gene expression (25). All of our organs contain the same
genetic material. However, because genes are expressed differently in different cells, cells such as breast, lung and
brain do not have the same functions (26, 27). Thanks to the microarray technology, which is one of the steps
taken with the advancing technology, the expressions of the genome of an organism can be examined in one go
(28, 29). Characteristics such as being fast, examining the activity of genes in sick and healthy cells, and being
able to categorize diseases are the advantages of microarray technology. Due to the size and complexity of the data
obtained, the need for computational genomic approaches for analysis and interpretation has increased.
Biostatistical analysis and bioinformatics also have a great place in meeting these needs (6, 30).

Microarrays are also referred to as chips consisting of thousands of spots where thousands of different DNA
fragments are synthesized or inserted. A solid surface made of glass, plastic, or silicon is called a chip. The probe
is each point on the surface of the chip (29, 31). If the gene is not expressed or read, the probe will appear black.
Green, healthy people; red indicates sick people. If the state of being sick or healthy is close to each other, it is
shown in yellow. By computer analysis, these colors are converted into numerical values and made available for
analysis (32, 33). The most important of the publicly available microarray databases is; it is the GEO (Gene
Expression Omnibus) of American origin and under NCBI, the world's most comprehensive biological database.
The other is ArrayExpress under EBI, a large and comprehensive biological database of European origin (34). The
real data sets used in this study also belong to the NCBI-GEO database. Gene expression data matrix of size mxn
with genes in the row and samples in the column is in the form of a row data structure (9, 35). In order to perform
analyzes such as feature selection and classification, the gene expression data matrix is transposed and samples
are placed in the rows and genes are placed in the columns. With the application of data mining and statistical
methods on the obtained gene expression data matrix, genes that affect diseases such as cancer can be determined,
genes with common functions can be clustered, and individuals can be classified as sick-healthy (25). Some
changes in genes that control how cells grow and divide, that is, how they function, cause cancer (23). Early
diagnosis is very important in cancer, and working with gene expression data is of great importance in the diagnosis
and classification phase (36).

In this study, large-scale microarray gene expression data for lung, prostate and breast cancers were used, with
features (genes) and response variable (structure of the tumor) in the column, and individuals in the row. After the
data preprocessing steps, important and meaningful features were selected with the varFilter, nsFilter, lasso (least
absolute shrinkage and selection operator) and limma (linear models for microarray data) feature selection
methods. Then, in order to create models of sick-healthy classification with the selected data, support vector
machines and k-nearest neighbor classification methods, which are frequently used in data mining, were preferred
together with deep learning. Model performance measures such as accuracy, sensitivity, specificity and area under
the ROC curve (AUC) were used to evaluate the performance of classification models obtained by using feature
selection methods and classification methods on microarray gene expression data of three different cancer types.

Method

There is a similar definition of the concept of a feature and a variable that expresses properties or situations that
take different values from sample to sample. While the number of samples is low in microarray gene expression
data, which is generally among high-dimensional data; the number of feature (gene) is quite high. Thus, it is a
problem to work with microarray gene expression data which has unwanted data structure (37). For the purpose
of the application planned to be made on a large data set such as microarray gene expression data, the process of
determining the best feature subset that can represent the original data set by removing unnecessary features instead
of using all of the features is called feature selection. Thanks to feature selection, better models are obtained in
terms of speed and success performance (38, 39).
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There are different methods used to perform feature selection. In general, these methods are divided into three as
statistical methods, wrapper methods and embedded methods (40). Statistical methods that make selections using
only statistical information are also called filtering methods. Methods such as heuristic search, genetic algorithm,
particle swarm optimization are among the wrapper methods. In these methods, data mining methods are used as
a tool for feature selection. Embedded methods are the methods in which the feature selection method and the data
mining method are applied simultaneously (38, 41). Especially in microarray gene expression data, the use of
embedded methods is more ideal (42). Since there are many features in the data sets used in this study, four
different feature selection methods in the R program were used in order to find important and meaningful features
that will affect the classification result more. When computer memory does not allow analysis in high-dimensional
data sets such as microarray gene expression data, there are R packages available for performing applications such
as feature selection, classification, clustering. It is suitable for integrating the R program with the Bioconductor
environment, which includes genomic data sources and open source analysis tools, especially numerous
microarray data sets (43). Gene expression data of microarray studies are contained in the Bioconductor
ExpressionSet object. An ExpressionSet object has been created so that different information sources can be
converted into a single structure and become more useful (43, 44). In this study, microarray gene expression data
of cancer types taken from the NCBI-GEO database were converted into ExpressionSet object via Bioconductor
and made ready for application. geneFilter and CMA packages are used to perform feature selection on microarray
gene expression data using the ExpressionSet object (45). The varFilter() and nsFilter() functions in the genefilter
package, which is one of the R packages created to eliminate computer-related problems such as speed and
memory, are used to make feature selection on high-dimensional data sets.

In varFilter method; variance values are obtained for each of the features in the data set. Among the variance values
ordered from the largest to the smallest, those that come before a certain limit are determined. Features with
determined variance values are selected for use in later stages (43). In other words, while selecting features that
vary a lot between samples as a result of selection with varFilter, features that show little change are discarded.
The var.cutoff value in the varFilter() function is used to express how much of the total features in the data set is
desired to be studied. For example, var.cutoff=0.80 to select 20% of the features and var.cutoff=0.90 to select 10%
of the features (45).

As in varFilter, the nsFilter method is used for feature selection, if the information in the annotation package of
the data set converted to the ExpressionSet object, that is, the explanation information is to be selected. By using
the nsFilter() function, features that show low signal and with variance calculation, features that do not vary much
between samples, are not selected (43, 46). Using a criterion such as the var.cutoff value in the varFilter method,
it is not determined in advance how much of the features will be studied.

In order to create a model with good performance, taking into account the data set, one of the embedded methods
that makes use of the search algorithm is lasso (least absolute shrinkage and selection operator) (41). Lasso was
first developed by Tibshirani in 1996 as a method that can perform coefficient estimation and variable selection
simultaneously in regression analysis (47, 48). With regression analysis, the value of the dependent (response)
variable is estimated by using the value of the independent variable(s). The least squares method is used to
construct the linear regression model, which is used in cases where there is a linear relationship between the
independent variable(s) and the response variable. In the method, the coefficients related to the independent
variables, namely the parameters, are estimated. However, when there are too many independent variables, some
problems arise, such as multicollinearity, in which a linear or close to linear relationship is observed between the
variables (49). When there is multicollinearity, the coefficient estimates are uncertain and the variances and
standard errors of the estimates become larger, and R? becomes larger than it should be. Different methods are
used by making some changes in the regression model to be created to estimate the value of the response variable.
Lasso is one of these methods (41). In gene expression data, independent variables correspond to features, and
there are many features. In the model created by using the features in the data set with the Lasso method, problems
such as overfitting and multicollinearity are eliminated, and the coefficients of less important features are
calculated as zero. Thus, feature selection is made automatically with lasso (36). For the application of the Lasso
method, the glmnet package was used together with the CMA package.

Limma (linear models for microarray data), one of the methods in the geneSelection()function in the CMA package
of Bioconductor in the R program, was first introduced by Smyth in 2003 (50, 51). In the analysis of gene
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expression data obtained through RNA sequencing or microarray technologies, limma is used to identify
differential gene expressions and analyze experimental designs (52, 53). In this study, the application of the limma
method on datasets that have two classes as features and sick-healthy, is examined whether there is a difference
between the two groups as sick-healthy in terms of features (genes). Feature selection is performed by identifying
differentially expressed genes between the two groups (54). The limma package was also used to implement the
limma method used in the study (52).

Classification methods are used to obtain a meaningful model for predicting the future by using data including
independent variables and categorical response variable (10). In this study, while the features express the
independent variables, the response variable consists of two classes as sick-healthy. In the microarray gene
expression data, which includes samples, features and categorical response variable, it is known what class the
samples are in. With the classification models created using this information, when a new sample arrives, it is
predicted in which class this sample will be (14, 55). There is a process followed for the classification process.
After the data preprocessing step, not all of the available datasets are used for model building. In the training
dataset, a model with known class examples and classification rules is created. In the test dataset, the obtained
model is tested and its accuracy is measured (25, 56). In this study, 75% of the data set was used as training and
25% as a test dataset, and 5-fold cross validation was performed for model generalization. In the cross validation
method, the dataset is divided into k subsets. k-1 clusters are used in training and 1 in testing. The process is
repeated k times and the accuracy values obtained each time are averaged and the accuracy performance of the
model is calculated (13, 43). When working with large data sets such as microarray gene expression data,
classification methods, one of the most frequently used methods of data mining, are applied after selecting effective
and meaningful features in order to both reduce the computation time and obtain models with better performance.
When we look at the studies involving gene expression data, support vector machines and deep learning method
were used in addition to k-nearest neighbors, which are among the most preferred classification methods (40).

The use of the Support Vector Machines (SVM) classification method, which was first revealed by Vladimir
Vapnik and Alexey Chervoenkis in the 1960s, became widespread with the first successful applications in the
1990s (35, 57). Although it was developed for situations where the number of classes is two, over time it has been
expanded to be applicable for data sets where the number of classes is more than two and cannot be separated
linearly (58). It is a very preferred method because it gives classification results with high performance in large
data sets such as gene expression data with a large number of features and in many other fields (35, 58). In the
SVM classification method, when distinguishing between instances of classes by using feature sets belonging to
different classes, the plane that will make the correct classification is determined and called the hyperplane. Points
that make the boundary width limited are also called support vectors. The farther the borders are from each other,
the better (37, 40, 55). In this study, the train() function of the caret package is used to obtain the SVM
classification model.

The k-Nearest Neighbor (KNN) classification method was first introduced by Fix and Hodges in the early 1950s
and developed and popularized by Cover and Hart towards the end of the 1960s (38-40). In the KNN classification
method, which is the most basic of the sample or memory-based methods, the class of the sample, which is
unknown to which class, is determined by pre-classifying through the training dataset (41, 42). The k neighbors of
the sample to be classified are determined in the training set with the closest distance, and the new sample is
included in that class in whichever class most of these neighbors are. For the classification process, using distance
measures, the similarity of the new sample between the samples in the training dataset is checked, and the class
prediction is made for the sample by determining the closest training dataset sample (40). For this, distance
measures such as Minkowski, Euclid, Manhattan are used. In previous studies, the Euclidean distance measure
was generally used (43). To obtain the Euclidean distance measure, the square root of the sum of the squares of
the difference between the features is taken. There are different values for each of the classes, and the class with
the highest value is assigned the newcomer, that is, the tested instance (40, 44). Therefore, it is important that the
features of the classes are determined (43). In the study, the knnCMA() function of the CMA package was used to
obtain the kNN classification model.

In the 2000s, Geoffrey Hinton and Ruslan Salakhutdinas showed how multilayer artificial neural networks work.
In the Deep Belief Network study in 2006, the way multi-layered deep structures work and the self-completion of
missing features were expressed and this was called Deep Learning (DL) (45). DL, of which many methods were
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put forward, was used by scientists for the first time in 2012 and over time, it has gained a widespread use (46). In
the DL method, which is an advanced extended approach of artificial neural networks consisting of three layers,
input, hidden and output, there is more than one hidden layer. Thus, the data can be comprehensively represented
(45). Thanks to the hidden layers, the result in the output layer is obtained. DL methods generally cover deep
structures of successive layers. By successive layer, the output of each layer forms the input of the next layer.
Thus, learning is provided in a hierarchical manner. Using the neurons in the input layer, the neurons in the hidden
layers are calculated with the linear function y=f(x,w). The neurons in the output layer are obtained by applying
the activation functions on the calculated neurons. The output layer obtained as a result of the operations is a
nonlinear form of the input layer. Nonlinear problems are generally tried to be solved with DL methods because it
gave better results in these types of problems than other methods (58). In RNA sequencing and microarray gene
expression data, there are fewer studies in which the DL method is used for classification compared to the studies
in which classical data mining classification methods are used (46, 52, 58). As in other classification methods, the
data set is divided into two as training and test datasets. The h20 package developed by the H20.ai team (2017) is
then used to create the classification model. Datasets are converted to h20 objects by running this package with
the h2o.init() function. By means of the h2o0.deeplearning() function, the DL model is obtained from the h20 data
object (43). In this study, in order to show the effect of feature selection methods on the performance of
classification methods and to make comparisons, in order to ensure that the results are at a certain standard, DL
classification models are obtained by applying feature selection methods as in other classification methods
(52).Especially in the field of health, cancer diagnosis and classification, drug development, medical image and
signal data, DL methods are frequently applied. It is increasingly preferred as a result of its high performance in
terms of accuracy in solving questions. (46).

Various model performance measures are used to evaluate and interpret the performance of classification methods
regarding how accurately they classify. Since there is no imbalance in the distribution of the number of classes in
the data sets discussed in this study, the most preferred measures such as accuracy, sensitivity, specificity and
AUC were used. A classification table is used for the calculation of these measurements. There are four possible
outcomes in a dataset where the number of classes is two. These results are as in the classification table given in
Table 1. (47,58).

Table 1. Classification table of real and predicted results

Real Class
Predicted Class Positive Negative
A B
Positive
(True Positive- TP) (False Positive - FP)
C D
Negative

(False Negative - FN) (True Negative - TN)

The performance measures used in the study can also be calculated with the values in the classification table.
Accuracy is a very preferred simple method in determining the performance of the classification method and is a
general success measure. It is the ratio of the number of correctly classified samples (TP+TN) to the total number
of samples (TP+FP+FN+TN). Sensitivity is the proportion of samples whose predicted class is positive among
samples that are actually in the positive class. It is the performance of the classification method in identifying
samples with positive values. Specificity is the proportion of samples with a predicted negative class among
samples that are actually in a negative class. It is the performance of the classification method in identifying
samples with negative values. AUC, which was first used in signal detection in the 1950s, is widely used in
biomedical studies. The main purpose of constructing the ROC curve is to examine the result obtained from the
classification method in terms of accuracy values. Therefore, firstly, the sensitivity and specificity values are
calculated. AUC obtained on the ROC graph, which consists of 1-specificity on the horizontal axis and sensitivity
values on the vertical axis, takes values between 0.5 and 1. The closer the AUC is to 1, the better the classification
performance of the method used; The method with an AUC of 0.5 is quite unsuccessful in classification (48, 58).
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The response variable of the data used in this study consists of two classes as sick-healthy. The power of the
classification method used to discriminate between sick and healthy individuals is shown by AUC (49).

The real datasets used in the study consist of gene expression data obtained from microarray experiments of three
different cancer types: lung, prostate and breast. Data sets can be accessed through the GEO data repository offered
by NCBI. The GEO data repository can be accessed at www.ncbi.nlm.nih.gov/geo/ (25, 43). In GEO, the GDS
dataset is a set containing information about the platform and sample data records. Preprocessing steps in
microarrays such as normalization and background processing have been done on the data set, and it is assumed
that the measurements are made in an equivalent way. Each dataset has code starting with GDS. While there are
22283 features in the prostate and breast cancer datasets from the microarray gene expression data used in this
study; lung cancer dataset has 54675 features. In the considered data sets, there is a response variable that includes
two class values as sick and healthy. Considering the total number of samples, there are 120 samples (60 patients-
60 healthy) in the lung cancer dataset, 79 samples (40 patients-39 healthy) in the prostate cancer dataset, and 42
samples (24 patients-18 healthy) in the breast cancer dataset. The sample numbers of the sick-healthy classes in
each data set are equal or very close to each other. Data preprocessing of genomic or clinical datasets is important
in data analysis. Especially in large data sets, if the data preprocessing steps are taken into consideration before
starting the analysis of the data, the analysis is carried out without any problems. n the study, missing value
analysis, data scaling, imbalance in the distribution of class numbers, and outlier analysis were performed in
microarray gene expression data of three different cancer types (43). It has been concluded that there are no missing
and outlier values in the datasets considered, and that unbalanced datasets are not observed in the distribution of
class numbers. By using Z-score scaling, which takes into account the mean and standard deviation of the data,
the superiority of the features over each other is prevented. In addition, while applying the feature selection and
classification methods; Since the data set should be in matrix form with rows samples and columns containing
features, the operations were continued by taking the transpose of the gene expression data matrix, which is in the
form of row data structure.

Results

In this section, the findings of the application of the discussed feature selection and classification methods in
microarray gene expression data of lung, prostate and breast cancers are given in Table 2, Table 3, Table 4, Figure
1, Figure 2 and Figure 3. First, the results of lung cancer are given in Table 2.

Table 2. Comparison of the performances of classification models created by using features determined by feature
selection methods in the lung cancer dataset.

Feature Classification

Selection Methods Methods Accuracy Sensitivity Specificity AUC
SVM 0,833 0,928 0,751 0,839

varFilter kNN 0,733 0,562 0,929 0,753
DL 0,951 1,000 0,923 0,945
SVM 0,900 0,882 0,923 0,889

nsFilter kNN 0,767 0,562 1,000 0,751
DL 0,933 1,000 0,926 0,950
SVM 0,958 0,967 0,950 0,960

lasso kNN 0,960 0,970 0,950 0,960
DL 0,965 0,955 0,970 0,961
SVM 0,958 0,983 0,933 0,950

limma kNN 0,970 0,970 0,970 0,962
DL 0,986 1,000 0,975 0,988
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When the results of the lung cancer data set are examined, the performance of the model obtained by the DL
classification method is better than the other methods after applying the varFilter feature selection method. The
second best performing model is SVM. In the performance of the classification model obtained with kNN, the
performance measure values are quite low compared to other models, except for the specificity value.

Among the classification models created by using the nsFilter feature selection method, the best performance is
obtained with the DL method. The success of the DL model is followed by the SVM. The best model in terms of
specificity performance is KNN. However, in other performance measure values, the performance of kNN is
generally lower than other methods.

In the lasso feature selection method, the performance values of SVM, KNN and DL are approximately close to
each other and are quite good.

Finally, among the classification models obtained using the limma feature selection method, the best performance
is obtained with the DL method. After DL, the performance of KNN come. The success of the classification model
obtained with SVM is close to kNN. The results obtained are given in Figure 1. by means of graphics.
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Figure 1. Comparison of accuracy, sensitivity, specificity and AUC performances of classification methods in
different feature selection methods for lung cancer dataset.

While the success of the classification models obtained by the lasso and limma feature selection methods are
higher; In the varFilter and nsFilter feature selection methods, the classification methods have lower performance.
DL performs better within classification methods.
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Table 3. Comparison of the performances of classification models created by using features determined by feature
selection methods in the prostate cancer dataset.

Feature Classification

Selection Methods Methods Accuracy Sensitivity Specificity AUC
SVM 0,600 0,666 0,545 0,606
kNN 0,600 0,666 0,545 0,606

varFilter DL 0,845 0,810 0,990 0,858
SVM 0,800 0,666 0,909 0,809
kNN 0,650 0,540 0,860 0,660

nsFilter DL 0,900 1,000 0,870 0,888
SVM 0,578 0,511 0,625 0,598
kNN 0,581 0,614 0,550 0,604

lasso DL 0,870 1,000 0,850 0,875
SVM 0,581 0,561 0,600 0,585
kNN 0,580 0,664 0,500 0,650

limma DL 0,950 1,000 0,900 0,960

When the results of the prostate cancer dataset are examined in Table 3., the performance of the model obtained
by the DL classification method after applying the varFilter feature selection method is much better than the other
methods. The performance values of the classification models obtained by using the SVM and KNN methods are
the same.

In the nsFilter feature selection method, the success of the DL model is followed by SVM. On the other hand, KNN
is the classification method with the lowest performance in the nsFilter feature selection method in the prostate
cancer dataset.

In the lasso feature selection method, the best performance measure values are obtained with the DL classification
method. The performance measure values of the classification models created by kNN and SVM methods are close
to each other and come after DL.

Finally, among the classification models obtained using the limma feature selection method, the best performance
is obtained with the DL method. Classification models with lower performance are obtained with the SVM and
kNN methods, whose performance measure values are close to each other. The results obtained are given in Figure
2. by means of graphics.
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Figure 2. Comparison of accuracy, sensitivity, specificity and AUC performances of classification methods in
different feature selection methods for prostate cancer dataset.

In the prostate cancer dataset, DL has a higher performance in general among the models obtained with the
classification methods. Especially in limma and nsFilter feature selection methods, the success of DL is better.

Table 4. Comparison of the performances of classification models created by using features determined by feature
selection methods in the breast cancer dataset.

Feature Selection Classification Accuracy Sensitivity Specificity AUC
Methods Methods
SVM 0,540 0,333 0,750 0,541
varFilter kNN 0,727 0,875 0,673 0,691
DL 0,797 0,840 0,790 0,800
SVM 0,540 0,333 0,750 0,541
nsFilter kNN 0,818 0,963 0,667 0,798
DL 0,818 0,960 0,800 0,810
SVM 0,648 0,790 0,450 0,640
lasso kNN 0,639 0,740 0,500 0,632
DL 0,909 1,000 0,850 0,933
SVM 0,671 0,710 0,633 0,667
limma kNN 0,633 0,690 0,567 0,630
DL 1,000 1,000 1,000 1,000

61



XXII. Ulusal v e V. Uluslararasi Biyoistatistik Kongresi Sozlu Bildiriler
XXII. National and V. International Biostatistics Congress Oral Presentations
28-30 Ekim 2021 Cevrim igi Kongre — Online Congress

When Table 4 of the breast cancer dataset is examined, the performance of the model obtained by the DL
classification method after applying the varFilter feature selection method is better than the other methods. The
performance values of KNN come after DL. The performance values of the classification model obtained by SVM,
where the sensitivity value is low, are generally the lowest among the classification models obtained with other
methods.

The results of the performance of the classification models created by using the nsFilter feature selection method
are similar to varFilter. The best performance is obtained with the DL method. The performance of the
classification model obtained by the KNN method comes after the DL. Compared to other classification methods,
SVM has lower performance values.

Among the classification models obtained using the lasso and limma feature selection method, the best
performance is obtained with the DL method. The performance values of the classification models obtained by
SVM and kNN methods are close to each other and they have lower performance than DL.

The results obtained are given in Figure 3. by means of graphics. Looking at Figure 3, DS generally has a higher
performance among the models obtained by classification methods in the breast cancer dataset. The success of the
classification models obtained by using mostly lasso and limma feature selection methods are higher.
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Figure 2. Comparison of accuracy, sensitivity, specificity and AUC performances of classification methods in
different feature selection methods for breast cancer dataset.

Discussion and Conclusions

It is aimed to show the effect of feature selection methods used to reduce the number of features in microarray
gene expression data, which has data type with high number of features and low number of samples, on the
performance level of classification methods frequently used in data mining. For this purpose, three real data sets
were studied. SVM, kNN and DL classification methods were applied to the data sets containing important features
obtained by the application of varFilter, nsFilter, lasso and limma feature selection methods on microarray gene

62



XXII. Ulusal v e V. Uluslararasi Biyoistatistik Kongresi Sozlu Bildiriler
XXII. National and V. International Biostatistics Congress Oral Presentations
28-30 Ekim 2021 Cevrim igi Kongre — Online Congress

expression data of three different cancer types, and classification models in which the classification was made as
sick and healthy were created. Model performance measure values in the form of accuracy, sensitivity, specificity
and AUC for these models were obtained. When the results of each data set are examined in the study conducted
through the R program; better performance measure values are obtained in lasso and limma feature selection
methods in lung and breast cancer datasets, and limma and nsFilter feature selection methods in prostate cancer
dataset. The classification method with high performance measure values in all three data sets is DL. In general, it
may be preferable to use the limma feature selection method in microarray gene expression data with a large
number of features. The DL method has given more successful results than classical data mining methods in the
classification of large-scale data such as microarray gene expression data and it is recommended to be used.

For future studies, it is planned to use the DL method in different areas such as the recognition of data obtained
with medical imaging devices, especially in the field of genetics. Clustering and association rules, which are other
frequently used data mining methods, can also be applied on microarray gene expression data.
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Abstract

Introduction: The use of multi-omic technologies allows one to examine systems biology, cellular metabolism,
and disease etiology in more detail. More powerful and easily interpretable results can be obtained using multi-
omic technologies instead of a single omic technology to analyze the molecular complexity of the disease’s
etiology. Therefore, it is thought that the combining and classification methods used in omic data can provide
significant contributions in terms of models that can be used in the biological system and diagnosis and treatments
of the disease. This study aims to evaluate the performance of data integration and classification methods on multi-
omic data.

Method: In the study, three different real data sets, namely colon, kidney, and thyroid cancer, were used. The raw
data generated using MRMR and PCA analysis were combined using concatenate integration, transformation-
based integration, and model-based integration methods. The classification methods of CANetwork estimated the
subtype of the disease. The subtype of the disease were estimated by the classification methods of CANetwork,
RVM, and Ada-boost RVM in the data combined with the MKL, NSC, RF, and SVM classification methods data
combined with the transformation-based integration method.

Results: The classification performance of the RVM method was found to be the highest in the transformation-
based integration kidney data (AUC=0.927). The method with the highest classification performance in colon,
kidney, and thyroid data obtained by applying mRMR variable selection in concatenation data is MCL
(AUC=1,000). In the column data obtained using mMRMR variable selection in model-based combined data, the
method with the highest classification performance is RF (AUC=1.000), while SVM in kidney and thyroid data
(AUC values of the data are 0.967, 0.669, respectively). In the kidney data obtained by applying the mRMR
variable selection and PCA method in the concatenation data, the method with the highest classification
performance was MKL (AUC=0.926), while the SVM in the colon and thyroid data (AUC values of the data were
0.603, 0.582, respectively). SVM has the highest classification performance in colon, kidney, and thyroid data
obtained by applying mMRMR variable selection and PCA method in model-based integrated data (AUC values of
the data are 0.809, 0.950, 0.661, respectively).

Conclusion: The application results obtained from the real data sets may differ in the superiority of the
performances of the data and methods used compared to each other. Combining the data using mRMR variable
selection with the concatenation method has been shown that the MCL classification method of these data can
separate the subtypes of the diseases more accurately than other methods.

Keywords: Multi-omic, metabolomics, RNA-sequencing, next-generation sequencing

66



XXII. Ulusal v e V. Uluslararasi Biyoistatistik Kongresi Sozlu Bildiriler
XXII. National and V. International Biostatistics Congress Oral Presentations
28-30 Ekim 2021 Cevrim igi Kongre — Online Congress

S20

Comparison of the Effects of Median and Cyclic Loess Normalization Methods Used in Microarray Data on
Deep Learning Performance

Asena Ayca OZDEMIR!, Giilhan TEMELZ Saim YOLOGLU?

1 Mersin University Department of Medical Education, Mersin,
2 Mersin University Department of Biostatistics and Medical Information, Mersin,
% Inonu University Department of Biostatistics and Medical Informatics, Malatya

Introduction: Many different normalization methods are applied to help reduce measurement error in microarray
data. Median and Cyclic Loess methods are used to normalize microarray data. In addition, especially for classification
purposes, deep learning method has been used quite frequently for gene expression data like structures of many data
in recent years. Before applying the deep learning method, normalization is recommended to prepare data of gene
expression for analysis. The aim of this study was to compare the deep learning classification performance results of
Median and Cyclic Loess normalization methods used in single color microarray gene expression data.

Method: 1.000 single-color microarray data were generated from each data group with sample widths of 5:5, 20:20,
100:100 and 100, 1.000, 10.000 genes as two independent groups in the R Madsim package. Median and Cyclic Loess
normalization methods were applied to the generated data in R. Deep learning algorithms were applied to raw data
and normalized datasets in Python. The results were interpreted by taking the average of classification performances
of 1000 datasets.

Results: The mean accuracy obtained via deep learning from 100 genes were ranked from high to low, Cyclic Loess
(0.689+0.254), Median (0.688+0.258), raw data (0.681+0.252) in 5:5 dataset; raw data (0.718+0.176), Cyclic Loess
(0.710£0.177), Median (0.709£0.178) in 20:20 dataset; Median (0.731+£0.183), raw data (0.728+0.186), Cyclic Loess
were calculated as (0.725+0.180) in the 100:100 dataset. The mean accuracy obtained via deep learning from 1.000
genes were ranked from high to low; raw data (0.848+0.193), Median (0.843+0.185), Cyclic Loess (0.840+0.186)
were found for 5:5 dataset, raw data (0.850+0.153), Cyclic Loess (0.849+0.148), Median (0.848+0.155) for 20:20
dataset and Cyclic Loess (0.879+0.178), raw data (0.875+0.182), and Median (0.874+0.184) were calculated for
100:100 dataset. The mean accuracy obtained from deep learning for 10.000 genes were also ranked from high to low;
raw data (0.628+0.247), Median (0.627+0.244), Cyclic Loess (0.614+0.243) for 5:5 dataset; raw data (0.597+0.197),
Cyclic Loess (0.591+£0.194), Median (0.588+0.190) for 20:20 dataset and Cyclic Loess (0.596+0.194), Median
(0.594+0.192), raw data (0.594+0.198) were calculated for 100:100 dataset. For each sample and gene size, no
statistically significant result was obtained in terms of the mean accuracy obtained from raw data of deep learning and
normalization methods.

Conclusion: It has been observed that the normalization methods applied in single-color microarray datasets have no
effect on deep learning performance. Sample size, also, have no significant effect on deep learning performance,
although deep learning performance increases when size of the gene is not very small (100 genes) or large (10.000
genes).

Keywords: Deep Learning, Microarray, Normalization
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Introduction: Genetic information is noteworthy in the prediction of survival. Gene selection based on the Cox
regression model traditionally applied in research to select genes that predict survival has based on the assumption
of independent censoring. However, in the case where censorship is dependent, there may be bias in gene selection,
and there may be deviation in the efficiency of the model obtained. This study aims to introduce the Copula-based
gene selection method, which offers an alternative approach to gene selection, taking into account the effect of the
situation on which censoring is dependent. In addition, this method is suggested as an alternative approach for
gene selection and personalized patient survival prediction.

Method: Chen et al.'s (2007) survival data of 125 non-small cell lung cancer patients were analyzed using the
“compound.Cox” R package program.

Results: 38 patients died, and the remained 87 patients have censored during the follow-up period of
approximately five years in the non-small cell lung cancer data. Moreover, the 125 patients were divided into two
groups as 63 training and 62 patients for testing to evaluate by the cross-validation method of the performed a
prognostic index and genes selection of the data of 63 patients in the training group. The prognostic index- a value
that can evaluate by routine examination and examination findings for ease of application- was calculated with the
selected genes. Clayton copula and Copula-graphic models were employed to find the predictive performance of
the prognostic index.

Conclusions: Taking into explanation the effect of Clayton copula-dependent censoring, 16 genes (MMP16,
ZNF264, HGF, HCK, NF1, ERBB3, NR2F6, AXL, CDC23, DLG2, IGF2, RBBP6, COX11, DUSP6, ENG,
IHPK1) selected among 97 genes in the prognostic index model. In addition, HCK, IGF2, ENG, and IHPK1 genes
were found as protective genes while others as risk genes. Two survival curves were assessed by adjusting the
effect of dependent variables with the Clayton copula model and Copula-graphic model to find the predictive
performance of the prognostic index. As a result of this analysis, the measurement between good and bad prognoses
was significant (mean difference = 0.224; p = 0.021). This result appears to confirm the predictive ability of the
prognostic index obtained using the copula-based gene selection approach.

Keywords: Survival prediction, gene selection, dependent censoring, copula.
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Sagkalim Analizinde Zamana Bagh Aciklayici Degiskenler icin Birlesik Model Yontemi Kullanimi
(Using the Joint Model Method for Time-Related Response Variables in Survival Analysis)
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Ozet

Giris: Sagkalim analizi, ilgilenilen bir olay ile karsilasincaya kadar gecen zamani analiz eden ve bu zaman
iizerinde etkisi olan degiskenlerin belirlenmesine ve incelenmesine olanak saglayan istatistiksel bir yontemdir.
Klinik denemelerde ya da izlem g¢alismalarinda oldukca yaygin olarak kullanilan sagkalim analizlerinde Cox
regresyon modeli sik¢a kullanilmaktadir. Cox regresyon modeli (veya oransal hazard regresyonu), ilgilenilen
olayin meydana geldigi siire iizerinde etkili olabilecek degiskenleri arastirmak icin kullanilan bir yontemdir.
Ilgilenilen olay, 6liim, hastalik gelisimi, niiks etme veya diyalize girme gibi durumlar olabilir. Genel Cox
regresyon modellerinde baslangi¢ risk fonksiyonu zamanin bir fonksiyonunu igerirken, agiklayici degiskenler
genellikle zamandan bagimsiz olarak alinir. Ancak, izlem siiresi igerisinde kigilerin hastalik durumlarini (ilerleme
ya da gerileme) takip edebilmek adina bu kisilerden tekrarli olarak Slglimler alinabilir. Bu g¢alismada, Cox
regresyon modelinde zamandan bagimsiz ve zamana bagl agiklayici degiskenlerin oldugu durumlarda kullanilan
birlesik model yaklagimi tanitilmis ve R programlama dili kullanilarak gercek bir veri seti iizerinde uygulama
yapilmistir. Bu sayede birlesik model yaklagiminin kullaniminin arttirilmas: hedeflenmistir.

Yontem: Tekrarli 6l¢iim verileri, uzunlamasina veriler olarak adlandirilir. Uzunlamasina verilerde, ayni kisiden
birden ¢ok 6l¢iim alindigi i¢in 6l¢iim degerleri arasinda bagimlilik durumu s6z konusudur. Bu bagimlilik
durumunu da dikkate alarak sagkalim verileri ile uzunlamasina verilerin birlikte analiz edilmesinde birlesik model
yontemi kullanilmaktadir. Birlesik model iki alt modelden olusur: (i) uzunlamasina veri modeli ve (ii) sagkalim
modeli. Birlesik model kullanilmasiyla izlem siiresi i¢erisinde tekrarli olarak alinan tiim 6l¢iimlerin modele katkisi
dikkate alinarak modelleme yapilmasi saglanir. Bu ¢alismada, Ankara Universitesi T1p Fakiiltesi Nefroloji Bilim
Dali’ndan 2015-2021 yillar1 arasinda retrospektif olarak elde edilen, nefrotik sendromlu 88 hastanin demografik
ve klinik verilerinin kaydedildigi veri seti kullanilmistir. Calismada, diyaliz durumunu ile proteiniiri degerleri
arasinda iliski olup olmadig1 incelenmistir. Proteiniiri degerleri 0.ay, 3.ay, 6.ay, 12.ay ve 24.ayda alinmistir. {1k
asamada proteiniiri degerleri dogrusal karigik etkili model kullanilarak modellenmis ve bu modelden elde edilen
kestirim degerleri sagkalim modeline dahil edilmistir.

Bulgular ve Sonug: Nefrotik sendromlu 88 hastanin 18 (%20.5)’nde diyaliz olay: goriiliirken, 70 (%79.5)’nde
diyaliz olay1r yoktu. Diyalize giren hastalarin yas ortalamasi 54.78+14.20 iken diyalize girmeyenlerin yas
ortalamasi 54.63+£12.46 idi. Yas ve VKI bakimindan gruplar benzerdi. Diyalizde olan 18 hastanin %83.3’{i erkek,
%16.7’si ise kadind1. Proteiniiri degerlerini etkileyen agiklayici degiskenleri belirlemede tek degiskenli dogrusal
karisik etkili model kullanilmig, bu modelden elde edilen degiskenler ¢oklu dogrusal karigik etkili modele
almmustir. Proteniiri’yi etkileyen degisken olarak sadece remisyon durumu anlamli bulunmustur (p=0.002). Renal
Sagkalima etki eden risk faktorlerini belirlemek igin ilk olarak tek degiskenli Cox regresyon modeli yapilmis
sonrasinda ise ¢ok degiskenli Cox orantili risk modeli kullanilmistir. Cok degiskenli Cox analizi sonucunda
diyalize etki eden degisken, gelis aninda renal replasman tedavi ihtiyaci (yatista RRT) olup olmama durumu
belirlendi. Birlesik modelde ise dogrusal karisik etkili model sonucunda elde edilen proteiniiri kestirim degerleri
sagkalim alt modeline eklenerek birlesik model uygulanmistir. Birlesik model sonucunda proteiniiri degerlerinin
renal sagkalim {izerinde anlamli bir etkisi saptanmazken, yatista RRT modelde anlamli olarak saptanmustir
(RR=10.64[3.22-32.99], p<0.001). Birlesik model kullanilmasiyla izlem siiresi igerisinde tekrarli olarak alinan
tim 6l¢iimlerin modele katkist dikkate alinarak modelleme yapilmas: ve kayip verilerden etkilenmiyor olmasi
nedeniyle de bu tiir verilerin analizinde birlesik model kullanilmasinin daha bilgi verici sonuglar elde edilmesine
olanak sagladig1 goriilmiistiir.
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Data Format for Rapid Biostatistics Analysis: PARQUET
SU OZGUR*?
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SUMMARY

Introduction: Very large data stacks obtained from different sources in the health field have an effective potential
for issues such as defining the requirements between the patient and user/systems that provide health care services
and optimizing the services provided. Big data in healthcare is defined as the tools, technologies, and processes
used to appropriately create, store, process, and analyze electronic medical data (EMR) (1,2). For this reason,
institutions and organizations who are providing health services; they can use big data as a baseline tool to improve
the quality of health services, including identifying deficiencies in the system, identifying risks, reducing human
and non-human-induced medical errors, control/improve the accuracy of the health outputs produced, reducing the
costs to the health system and increasing employee/patient satisfaction. Technological developments enable the
development of new data analysis methods and systems that will support clinical decision-making. These
developments will enable new care and treatment methods beyond the traditional patient experience by processing
clinical, genomic, imaging, biometric, and epidemiological data accurately and efficiently (3). Storage media and
stored data format are important for rapid evaluation of data. Parquet is a columnar storage format, designed to
support fast querying, very efficient compression and encryption of schemas compared to row-based files such as
CSV.

Aim: In this study, the advantages and disadvantages of the usage of parquet format were investigated in order to
rapidly merge and query different data formats (genetic and clinical) in the field of health. It is aimed to show how
much the analysis speed and reliability of the 1000 Genomes Project” data, which reaches millions of column
sizes, have changed with simulated clinical data in parquet format.

Method: The genetic data of 2504 individuals from 26 populations representing the European, East Asian, South
Asian, West African and American populations in the main 1000 Genomes Project (4) were converted to parquet
format (5). Demographic dataset in the same project was added to the converted data in parquet format. SQL
queries were defined for the final data table.

Results: In the study, number of query comparison of classical raw genetic and clinical data with data in parquet
format was converted. Especially for cohort studies, it was calculated that the speed of creating sub-data tables
increased by an average of 70%. This data format can be integrated into decision support systems when real-time
analyses are required in population-based studies. Furthermore, it was found that the model (machine learning,
etc.) accelerated the training process by 28% on average.

Conclusion: The use of non-traditional data formats should be considered to satisfy different needs in healthcare,
clinic, and medical research. The Parquet data format has a simple structure, faster writing efficiency to databases.
Parquet is most compatible with machine learning processes too. Therefore, for large-scale analytical projects,
converting data to Parquet format is important in terms of cost and rapid findings. Considering the costs of using
cloud computing environments, this increase in efficiency will save time, effort and money of researchers.

Keywords: Parquet, EMR, Cloud computing
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A Comprehensive Simulation Study To Determine The Most Appropriate Regression And Confidence
Interval Method in Method Comparison Studies
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Introduction: Method comparison studies are frequently used by manufacturers and laboratory specialists to
determine the measurement error by comparing the reference and test methods of in vitro diagnostic measurements.
This study evaluates regression methods performance and confidence interval approaches in different scenarios by
performing a comprehensive simulation for cases where measurement errors have constant variance. In particular,
it aimed to investigate the performance of different bootstrap confidence interval approaches in method
comparison studies and obtain guiding findings for researchers.

Method: In the study, least squares (LC), Deming (DR), and Passing-Bablok (PB) regression methods and
analytical, jackknife, bootstrap percentile, bootstrap student, bootstrap Bca, and bootstrap t confidence interval
approaches were used. Based on the findings from real data, a comprehensive simulation was organized. The
performances of the regression methods and confidence interval approaches were investigated and compared with
each other in simulation schemes containing all possible combinations of the different distribution range, sample
size, measurement distribution, analytical standard deviation rate, whether the measurement error rate is known,
whether there is a practical observation or not, the presence of constant and proportional error. In these
comparisons, type-1 error rates and strengths of the methods were determined as evaluation criteria. For this
purpose, each simulation was repeated 5,000 times. The bootstrap number was selected as 999.

Results: The performances of the DR and PB methods were higher than the EKK method. It has been observed
that the DR method gives the best results when the measurement error is known, the analytical standard deviation
ratio is 1, the distribution range is comprehensive, and there are no influential observations. The best results were
obtained when the analytical standard deviation ratio for the PB method was 1. Furthermore, when jackknife,
bootstrap percentile, bootstrap Bca, and bootstrap t confidence intervals were used for the DR method, the methods
had the best performance when bootstrap percentile and bootstrap Bca confidence intervals were used for the PB
method.

Conclusion: In method comparison studies, the ECC method should not be preferred in cases where both methods
have measurement errors. Although DR and PB methods have the best performance; More care should be taken
in cases where the measurement error is unknown, the distribution range is narrow, the analytical standard
deviation ratio is not 1, and there is effective observation. The best results can be achieved using jackknife and
bootstrap confidence intervals with the DR method and the bootstrap confidence intervals with the PB method. It
is recommended to use bootstrap confidence intervals, especially in cases where the number of observations is
low.

Keywords: Bootstrap, linear regression, in vitro diagnosis, systematic error, method comparison
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Box-Cox Déniisiim Parametresi Kestirimi icin Yeni Bir Yaklasim
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2 Hacettepe Universitesi, T1p Fakiiltesi, Biyoistatistik Anabilim Dali, Ankara

Giris: Cogu istatistiksel yontem normal dagilim varsayimi altinda gelistirilmistir. Fakat ger¢ek hayatta veriler
genellikle normallik varsayimimi saglamayabilir. Bu kosulun saglanabilmesi igin veri {izerinde farkli doniisiim
yontemleri uygulanabilmektedir ve bu yontemler arasinda en ¢ok kullanilan ydntemlerden biri ise Box-Cox
doniisiim yontemidir. Bu ¢alismada farkli yontemlerle kestirilen Box-Cox doniisiim parametrelerini meta analiz
yoluyla bir araya getiren yeni bir algoritma 6nerilmistir. Daha sonra Monte-Carlo benzetim calismasi ile farkl
senaryolar altinda 6nerilen algoritmanin diger yontemlere gére performansi degerlendirilecektir.

Amac: Donilisiim yontemleri arasinda 6nemli bir yeri olan Box-Cox ydntemini uygularken karsilagilan 6nemli
problem doniisiim parametresinin kestirimidir. Literatiirde bilinmeyen donilisiim parametresinin kestirimi igin
birgok calisma yapilmistir. Bu calismada ise performans olarak daha iyi bir kestim ydntemi gelistirmek
amaglanmistir.

Yontem: Parametre kestirimi igin oncelikle bir lambda araligi belirlenmelidir. Daha sonra Asar vd. (2017)’nin
caligmasinda Onerilen algoritma kullanilarak Shapiro-Wilk, Anderson—Darling and Jarque—Bera testleriyle lambda
parametreleri kestirilir. Parametrik olmayan bootstrap yontemiyle ise kestirimlerimizin standart hatalari elde edilir.
Daha sonra meta analizinde kullanilan rastgele etki modelini yardimiyla agirliklandirilmis ortalamayla parametre
kestirimi yapilir. Burada agirliklandirma standart hata ile ters orantilidir. Son olarak da farkli normallik testleriyle
elde edilen kestirimlerin meta analizindeki rastgele etki modeliyle agirliklandirilmis ortalamasi elde edilir.

Bulgular: Onerilen ydntemin etkinligi ile literatiirde 6nerilen yontemleri karsilastirabilmek icin yanllik, standart
hata ve hata kareler ortalamasindan yararlanilmistir. Genel olarak bakildiginda yanlilik ve hata kareler ortalamast,
doniisiim parametresinin degeri arttikga daha da azalmaktadir. Fakat 6rneklem biyiikliikleri azaldik¢a diger
kestirim yontemleri arasindaki fark daha da netlesmektedir.

Sonug: Sonug olarak bu galismada Box-Cox yonteminde bilinmeyen doniisiim parametresinin kestirimi i¢in yeni
bir yontem Onerilmistir. Meta analizindeki rastgele etkiler modeli ile Asar vd. (2017)’nin yaptig1 ¢alismadaki en
iyi performansi gosteren normallik testlerinin alt1 tanesinin farkli kombinasyonlarinda parametre kestirimlerini
birlestirdik. Box-Cox parametresi kestirimi i¢in sadece bu yontemlerle elde edilen kestirimlerin agirliklandirilmis
ortalamalar1 yerine miimkiin tiim kombinasyonlarindan (toplamda 63 farkli kombinasyon) elde edilen tahminlerin
agirliklandirilmig ortalamalari alindi. Yapilan Monte-Carlo benzetim ¢alismasi sonucunda da en iyi performans
gosteren kombinasyonun, Shapiro-Wilk, Anderson—Darling and Jarque—Bera testleriyle elde edilen kombinasyon
oldugu saptanmistir. Box-Cox doniisiimii ig¢in parametre kestirim yoOntemleriyle karsilagtirildiginda yeni
onerdigimiz yontemin diger yontemlere gore daha etkili sonuglar verdigi goriilmektedir.

Anahtar Sozciikler: Box-Cox doniisiimii, Monte Carlo benzetim ¢alismasi, normality tests.
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Giris: Yayin yanliligi, sistematik derleme ve meta analizlerinde sonuglarin hem gecerliligini hem de
genellenebilirligini etkileyebilecek énemli bir sorundur. Caligmanin amaci yayin yanliliginin oldugu veya toplam
etki i¢in kritik sonuglarin alindig1 durumlarda, bu problemlere ¢6ziim saglayabilecek yontemlerin performanslarini
kiyaslamaktir.

Yontem: Calismada kirp doldur (trim fill), Copas se¢im modeli ve regresyon tabanli yanlilik diizenleme
metotlarina yer verilmistir. Bu yontemler, degerlendirmeleri odds ratio, risk ratio, hazard ratio, tek bir ortalama ve
standartlastirilmis ortalamalar fark olan meta analizler tizerinde ¢aligilmistir. Yontemlerin performansi hata kareler
ortalamasi ve Egger’in yanlilik degerleri bakimindan kiyaslanmistir.

Bulgular: Minimum 7, maksimum 37 ¢alismadan olusan 16 meta analizi ile yanlilik diizenleme yontemlerinin
performansi kiyaslanmustir. ikili sonuglarin degerlendirildigi (odds ratio, hazard ratio, risk ratio ve n=10) meta
analizlerinin ¢ogunda (%70) trim fill metodundan performansli sonuglar alinmakla birlikte bazi galismalarda
(%30) Copas’mn se¢im modelinin de performansi dikkat ¢ekmistir. Regresyon tabanli yontemden ise Copas
sonuglarina yakin ancak daha az performansh sonuglar alinmistir. Tek bir ortalama ve standartlastirilmis
ortalamalar arasindaki farki degerlendiren meta analizlerinde (n=6) trim fill metodu en yiiksek performansi
gostermistir.

Sonug¢: Caligmada kullanilan yontemlerin igerisinden trim fill metodunun, meta analizinde yayin yanlilig1 oldugu
durumda oncelikle kullanilmasi gereken yontem oldugu anlagilmaktadir. Ancak ozellikle ikili sonuglarin
degerlendirildigi ve kritik sonuglarin alindifi meta analizlerinde Copas’in se¢im modelinden elde edilecek
sonuglarin da degerlendirilmesi gerektigi diistiniilmektedir.

Anahtar Sozciikler: Meta analizi, yanlilik, trim fill, Copas

75



XXII. Ulusal v e V. Uluslararasi Biyoistatistik Kongresi Sozlu Bildiriler
XXII. National and V. International Biostatistics Congress Oral Presentations
28-30 Ekim 2021 Cevrim igi Kongre — Online Congress

S27

Comparison of Stereotype Logistic Regression and Proportional Odds Logistic Regression Models for
Ordered Response Variables: An Application on Hyperopia Data

Hulya OZEN

Eskisehir Osmangazi University Faculty of Medicine, Department of Biostatistics, Eskisehir

Aim: In this study, it is aimed to compare the performances of Proportional Odds Logistic Regression (PO) and
Stereotype Logistic Regression (SL) models on the hyperopia dataset containing ordered response variable and to
introduce the unique features of the SL model.

Method: The SL model is a flexible approach to modeling ordered response variables. It is a method that does not
require the proportional odds assumption, preserves the hierarchy between the response variables with the
constraints in its algorithm, and provides a different interpretation of odds ratios. The data set used in this study
contains a response variable that includes four levels of hyperopia, and some of the factors that may be associated
with the occurrence of these levels such as age, eye pressure, choroidal thickness and largest vessel lumen
diameter. PO and SL models were applied on the dataset. The proportional odds assumption was investigated with
the Brant test. AIC and BIC evaluation criteria and Cox-Snell R? values were used to compare the regression
models.

Results: As a result of Brant test, it was observed that the proportional odds assumption was violated (P<0.001).
As the evaluation criteria are examined; the values of the SL model (AIC:232.21; BIC:257.37) were found to be
lower than those of the PO model (AIC: 239.97; BIC: 259.54). Cox-Snell R? values were observed as 0.571 for
SL and 0.527 for PO. It was obtained that the SL model fitted the data set better. Choroidal thickness (P<0.001)
and largest vessel lumen diameter (P=0.002) were found to significantly affect hyperopia levels according to the
PO model. In the SL model, significant variables were determined as choroidal thickness (P<0.001), largest vessel
lumen diameter (P=0.004) and age (P=0.040). While the cumulative odds ratios between the levels were calculated
with the PO model, the odds ratios of the levels were obtained separately for a certain reference category with the
SL model.

Conclusion: This study reveals that SL model can be used as an alternative method in healthcare applications
where ordered response variables are frequently used. It provides creating a more flexible model without being
affected by the proportional odds assumption.

Keywords: Proportional odds logistic regression, Stereotype logistic regression, Ordinal response variable,
Hyperopia
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Lojistik Regresyon Analizi ile Elde Edilen Beta Katsayisi, Odds Orani ve Tamsayili Skor Sisteminin
Klinik Tahmin Modeli Gelistirilmesindeki Basarisimin Karsilastirilmasi

Comparison of the Success of Beta Coefficient, Odds Ratio and Point Score System Obtained by Logistic
Regression Analysis in Developing a Clinical Prediction Model

Giilcin AYDOGDU?, Emre DEMIRY, Yasemin YAVUZ?

L Hitit Universitesi Tip Fakiiltesi, Biyoistatistik Anabilim Dali, Corum
2 Ankara Universitesi Tip Fakiiltesi, Biyoistatistik Anabilim Dali, Ankara

Ozet

Amac: Klinik tahmin modelleri yas, cinsiyet ve biyobelirtecler gibi tahmin edici sayisinin birden fazla oldugu
durumlarda prognostik veya risk faktorlerini kullanarak bir birey i¢in gelecekteki bir olayin veya hastaligin riskini
tahmin etmek amaciyla yaygin olarak kullanilmaktadir. Literatiirde yaygin kullanilan birgok 6nemli skor
bulunmaktadir ve her yil tip literatiirlinde ¢ok sayida tahmin modeli gelistirilmektedir. Bunlara yogun bakim
iinitesinde 6liim riskini degerlendirmek i¢in kullanilan APACHE skorlari, Akut apandisit tanisinda kullanilan
Alvarado skoru, Pulmoner emboli i¢in Wells Kriterleri, 10 y1l igerisinde bireylerin koroner kalp hastaligi riskini
ongodrmede kullanilan Framingham koroner kalp hastaligi risk skoru ve hastalarda biling (ndrolojik) durumunun
degerlendirilmesinde kullanilan Glasgow Koma Skoru 6rnek olarak gosterilebilir. Klinik tahmin modellerinin
gelistirilmesinde sonu¢ degiskeninin yapisina bagli olarak dogrusal, lojistik ve Cox modellerini igeren regresyon
analizleri yaygin olarak kullanilmaktadir. Bu ¢alismada regresyon katsayilarina ve risk oranlarina dayali klinik
tahmin modellerinin performanslarinin karsilagtirmasi amaglanmigtir.

Yontem: Bu ¢alismada iki diizeyli sonug degiskene sahip tahmin modellerinde risk faktorlerinin skor degerlerini
belirlemek i¢cin modelde kategorik yapidaki bagimsiz degiskenlerin bulundugu n=1000 6rneklem biiyiikliigiinde
iiretilen benzetim veri seti ile lojistik regresyon analizi gergeklestirildi. Tahmin modellerinin pratikte kullaniminin
kolay olmas1 amaciyla modelde anlamli bulunan tahmin edici parametreler i¢in lojistik regresyon ile elde edilen 8
katsayilar1 ve odds oranlari genellikle tamsayili skorlara doniistiiriilmektedir. Calismamizda da lojistik regresyon
analizinde anlamli bulunan f katsayilari, odds oranlar1 ve bu degerlerin tamsayiya doniistiiriilmesi ile elde edilen
agirlikli bir skorlama sistemi olusturulduktan sonra bu skorlara dayali 4 farkli klinik tahmin modelinin basarilar
ROC, egri altinda kalan alan (AUC), duyarlilik, segicilik, pozitif-negatif tahmin degerleri ve dogruluk degerleri
ile karsilastirildi. Tiim istatistiksel analizler ve benzetim i¢in R studio (Versiyon 3.5.0) paketi kullanildu.

Bulgular: Calismamizda 4 farkli senaryo i¢in 10000 benzetim sonucunda elde edilen klinik tahmin modellerinin
sonug degiskenini tahmindeki AUC (%95 giiven aralig1) performanslari B katsayilari, tamsayiya dontistiiriilmiis 3
katsayilari, tamsayiya donistiiriilmiis odds oranlar1 ve odds oranlart i¢in sirasiyla 0.768 (0.740-0.797), 0.754
(0.724-0.783), 0.674 (0.641-0.707), 0.670 (0.637-0.703) bulunmustur.

Sonug: Klinik tahmin modellerinde heniiz pratikte uygulama birligi bulunmamaktadir. Literatiirde klinik tahmin
modellerinin olusturulmasinda yaygin olarak B katsayilari, odds oranlari ve bunlarin tamsayiya yuvarlanmig
skorlar1 kullanilmaktadir. Skorlar1 belirlemek igin kullanilan bu katsayilar model tahmin basarisim1 dogrudan
etkilemektedir. Benzetim sonuglarina gére sadece kategorik degiskenlerden olusan modellerde ROC analizi
sonucunda AUC’ye goére en basarili klinik tahmin modeli B katsayilari ile olusturulan model olmustur. Daha sonra
ise AUC’ye gore basari sirasi tamsayiya doniistiiriilmiis  katsayilari, tamsayiya doniistiiriilmiis odds oranlart ve
odds oranlar1 olarak belirlenmistir.

Anahtar Sozciikler: Klinik tahmin modeli, Lojistik regresyon, Odds orani, tamsayili skorlama sistem
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Seyrek (Sparse) Lojistik Regresyon ve Cok boyutlu Genomik Veri Seti Uzerine Bir Uygulama
Ozlem KAYMAZ!, Khaled ALQAHTANI? ,Henry WOOD?, Arief GUSNANTO*
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Amag: Degisken sayisinin gozlem sayisindan fazla oldugu ¢ok-boyutlu veriler (high-dimensional data) {izerinde
modelleme yapmanin bazi zorluklari vardir. Ayrica, bu verilerde degiskenler arasinda yiiksek korelasyon
durumlar1 gozlenir. Bu tiir veriler i¢in, “seyrek (sparse)” ¢oziimler onerilir. Bu ¢6ziimler ile elde edilen modeller
daha kolay yorumlanir. Bu ¢aligmanin amaci, rastgele etkilerin Gamma dagildigir varsayimi altinda, lojistik
regresyon yontemi kullanilarak seyrek ¢oziim elde etmektir.

Yontem: Seyrek ¢oziim elde etmek i¢in 6nerilen yontemlerden biri Lasso cezasidir. Ancak, bu yaklagimin iliskili
degiskenler baglaminda bazi dezavantajlari vardir. Bu calismada, Lasso cezasina alternatif olarak, rastgele
etkilerin gamma dagildig1 varsayimi altinda Lee ve Oh (2009) tarafindan 6nerilen, Hiyerarsik olabilirlik (HL)
yontemi kullanildi. Bu yontem, Ridge ve Lasso cezalarinin 6zel bir hali olarak kabul edilebilir. Ayrica, HL cezasini
Ridge cezasi ile genisleterek, Elastik net cezasina benzeyen “HL net” adinda bir ceza yontemi 6nerildi.

Bulgular: Calismada Ridge, Lasso, HL, Elastik net ve HL net cezalar1 benzetim ¢aligmasinda ve gergek bir veri
seti olan Akciger hastalarinin patolojik alt tiplerinin tahmininde kullanildi ve sonuglar1 karsilastirilarak tartigildi.
Gergek veri seti, Leeds Egitim Hastanesi'nde tedavi goren 76 akciger kanseri hastasindan olugmaktadir. Benzetim
calismasinda ise, iki farkli senaryo olusturuldu. Her iki senaryo icin, ceza ydntemlerini iceren model
performanslari degerlendirildi. Gergek veri setinde ise, fakli A degerleri i¢in ¢apraz dogrulama ile siniflandirma
hatas1 hesaplandi. Bulgulara gore, gercek ve benzetim veri setinde HL cezasi, Lasso cezasindan daha seyrek
tahminler verdi. HLnet ve Elastik net cezalarinin ise gergek veri setinde siniflandirma hatalarinin diistik ¢iktig1 ve
en iyi tahmin performansina sahip oldugu goriildii.

Sonug: Ridge cezasina HL cezasimin eklenmesi ile HL cezasinin hassasiyeti benzetim g¢alismasinda ve gergek
verilerde artmistir. Dolayisiyla (¢ok) seyrek ¢6ziim istendiginde HLnet cezasit kullanilmasi 6nerilir.

Anahtar Sozciikler: Lojistik Regresyon, Hiyerarsik olabilirlik (HL) yontemi, Seyrek Cozlim, Rastgele Etkiler.
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Mikrobiyom Verilerinde Kullanilan istatistiksel Analizler: Obezite iliskili Mikrobiyom Sekans Verisi
Uzerinde bir Uygulama (Sozlii)
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Hacettepe Universitesi Sosyal Bilimler Meslek Yiiksekokulu, Ankara
2Hacettepe Universitesi Eczacilik Fakiiltesi, Farmasétik Mikrobiyoloji Anabilim Dali, Ankara
e-mail: seleny@hacettepe.edu.tr

Ozet

Girig: Kiiltirden bagimsiz, yiliksek ¢iktili sekans yontemlerinin yaygm kullanim alani bulmasiyla bir
ekosistemdeki mikroorganizmalari, gen ve gen triinlerini, metabolik aktivitelerini kapsayan mikrobiyom
calismalar1 her gecen yil artmaktadir. Bu ¢caligmalardan elde edilen verilerin iglenmesi ve popiilasyon analizleri ile
ilgili ¢ok cesitli yaklagimlar bulunmaktadir. Bu amagla bu bildiride mikrobiyom ¢aligmalarinda sik kullanilan bir
yaklagim olan 16S rRNA amplikon sekansi ile elde edilecek verilerin islenmesi ve mikrobiyal popiilasyonun
istatistiksel analizleri ile ilgili R yaziliminda bir akis semas1 sunulmustur.

Yontem: Sunulan analiz semasi agik erigimli veri tabanlarindan ham veri dosyalari indirilip islenmis “TwinsUK
mikrobiyota” projesine dahil edilmis olan obez, asir1 kilolu ve normal kilolu goniilliilerin rastgele segilen verilerini
icermektedir (Goodrich ve dig. 2014). Calismanin ham sekans okumalar1 European Nucleotide Archive (ENA)
ERP006339 ve ERP006342 numaralar ile kayithidir. Alfa ¢esitliligin gruplar arasindaki degisimi observed-OTU,
Shannon diversity, Simpson diversity ve Chao diversity metrikleri incelenerek degerlendirilmistir. Beta gesitliligi
icin OTU’lerin hem varlig/ yoklugu hem de bollugunu dikkate alan OTU’ye dayali Bray-Curtis metrigi
kullanilarak nMDS (stres) degerleri hesaplanmigtir. PCoA kullanarak filogenetik uzakliga dayali agirlikli ve
agirliksiz UniFrac metrikleri elde edilerek sagilim grafikleri ile gosterilmistir. Kilo gruplari arasinda taksa bolluk
karsilastirmalar1 Kruskal Wallis testi ile; ikili karsilagtirmalar ise (eslestirilmemis) Wilcoxon testi ile
gerceklestirilmigtir. Klasik testlere ek olarak, gruplar1 tanimlayan en anlamli taksa’lar1 segmeyi saglayan dogrusal
diskriminant analizi etki biiylikligii (LEfSe) analizi kullanilmigtir.

Bulgular: Alfa gesitlilik metrikleri kilo gruplari arasinda benzer bulunmustur (p>0.05). Beta ¢esitliligi Bray Curtis
metrigi de kilo gruplari ile iligkili bulunmamustir (F=1.01, p=0.343). Permiitasyon testi sonucunda da gruplar arasi
fark anlamli degildir (Nperm=999, F=0.664, p=0.534). Normal, obez ve asir1 kilolu gruplar arasinda Firmicutes
ve Proteobacteria dagiliglar1 agisindan anlamli fark bulunmamustir (p degerleri: 0.47, 0.37). Ancak Euryarchaeota
bakterisi {i¢ grup arasinda istatistiksel olarak anlaml farklilik gdstermistir (x?=6.91, p=0.031). Pairwise Wilcoxon
testlerine (gore obez grubun ortanca bollugu (X =0.00) asirt kilolu gruba (x = 0.01) kiyasla daha kiigiiktiir
(p=0.029). Lefse analizi ile p<0.05 ve LDA >2 etki biiyiikliigii i¢in, asir1 kilolularda en fazla farksal bolluga sahip
cins Subdoligranulum olarak bulunmustur.

Sonug: Son yillarda mikrobiyom verilerinin kompozisyonel (birlesimsel-bagimli) yapisini analiz etmenin her
adiminda Aitchison’un &nerdigi Compositional Data Analysis (CoDA) metotlar1 tercih edilmelidir. Gruplarin
bakteriyel bolluk dagilislarini toplu olarak goriintiilemek amaciyla heatmap’ler ve boxplot’lardan yararlanilabilir.
Klasik istatistiksel analizlere kiyasla tiim taksa toplulugunda gruplari en fazla ayirt etmeyi saglayan bakterileri
secebilen LEfSe analizi iyi bir alternatiftir. Alfa ve beta gesitlilikleri acisindan yapilan gruplar arasi
karsilagtirmalarda fark bulunmamasi literatiirdeki mikrobiyotay1 obeziteye dayali kilo gruplarinda inceleyen bazi
caligmalar ile uyumludur (Kitten ve ark, Mammadova ve ark.).

Anahtar Sozciikler: Mikrobiyom sekans verisi, alfa ¢esitlilik, beta g¢esitlilik, taksonomik goéreli bolluk
karsilagtirmasi, LEfSe analizi.

Giris

Yiiksek ¢iktili yeni nesil dizilemenin ortaya ¢ikisi, genetik arastirmalarda devrim yaratmistir; 2003 yilinda insan
genom projesinin tamamlanmasindan bu yana, artik tiim insan genomu, belirli bir maliyetle ve belirli bir zaman
icinde dizilenebilmektedir. Son 5 ila 10 y1l i¢inde, bu teknoloji, bir ekosistemde yasayan tim mikroorganizmalarin

kolektif genomlarmi ve gen f{irlinlerini tamimlamak amaciyla ‘mikrobiyom’ ¢aligmalarinda kullanilmaya
baslanmugtir. Insan mikrobiyomu, besinlerin sindirimi ve bagisiklik sisteminin modiilasyonu gibi ok sayida temel
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islevde yer alir ve mikrobiyom kompozisyonundaki degisikliklerin insan saglig1 iizerinde 6nemli etkileri oldugu
gosterilmistir [1]. Mikrobiyom verilerinin analizi, yiiksek boyutlu yapilandirilmis ¢ok degiskenli seyrek verileri
icermesinden, operasyonel taksonomik iinitelerin (OTU) bilesimsel yapisindan, sayim verisi analizinin olagan
zorluklarindan, yani ¢arpik dagilim, sifir yigilmali ve asir1 yaygin dagilimla kars1 karsiya kalinmasindan dolay:
zorlayicidir [2-4]. Bu ¢aligmada mikrobiyom analizi i¢in en yaygin kullanilan istatistiksel teknikleri, 6zellikle R
paketlerinde uygulanabilen metot ve grafikler yardimiyla &zetlemek amaglanmistir. Analizin her asamasi igin
yontemlere ¢ozliim fonksiyonlarinin mikrobiyom ¢aligsmasina nasil uyarlanacagi agiklanmaktadir.

Mikrobiyom calismalarinda temel akis semasi

Mikrobiyom calismalarinda temel basamaklar 6rnegin eldesi, DNA izolasyonu, 16S rRNA’da segilecek degisken
bolgenin c¢ogaltilarak amplikon kiitiiphanelerinin olusturulmasini, purifikasyon ve sekans basamaklarini
igermektedir. Ozet bir akis semas1 Sekil 1°de verilmistir.

Barkod primerler ile amplifikasyon ve 16S
rRNA degisken bolgesi amplikon kltliphanesi

l)lsllq orneklerinin DNA izolasyonu GlustarulEs
oplanmasi :
NINININS \N7N\/S - —_—
VAV VAV AV AV ¥ e —
‘./‘\//‘.//‘.// ‘\,/‘\/ STy — — .
——

Benzer OTU larin gruplandiriimasi,
Sekans OTU’lara taksa atanmasi

= Alfa, beta gesitlilik ve
OTUL Gamciemsirec — . relatif taksa dagilimlarinin
T belirlenmesi

CAGSTASGATANTA
01 3 _“:?:TLMT:YA.
;A.;g»‘; i,.;w A
CAGITASGAMTA

OTus SFVARTHER
Sekil 1. Mikrobiyota ¢alismalarinda 6zet akis semasi [5].

Ornekler uygun kosullar altinda alindiktan sonra uygun izolasyon kitleri ile DNA izolasyonu
gerceklestirilmektedir. DNA izolasyonu sonrasi amplikon sekansi ig¢in 16S rRNA’nin degisken boélgelerinden
siklikla V3-V4 bolgeleri kullanilmaktadir. ilgili bolgelerin barkod primerler kullanilarak gogaltilmasi, &rneklerin
havuzlanmasi sonrasi [llumina Miseq gibi sekans platformlarinda c¢ift yonlii dizilemeleri yapilir. Kalite kontrol
basamaklari sonrasi, sekanslarin ne kadar benzer olduguna bagl olarak QIIME gibi biyoinformatik platformlar
kullanilarak operasyonel taksonomik birimlere (OTU'lar) kiimelenir. Mikrobiyom dizilemede, bakteriler genetik
benzerliklerine bagl olarak kiimelenir ve daha sonra bir cins, tiir vb. olarak tanimlanir. %97 benzerlikte gruplama
tiir diizeyinde tanimlamaya biiyiik oranda izin verir. OTU’lar kiimelendikten sonra her bir OTU ID’si i¢in
GreenGenes gibi veritabanlari kullanilarak taksa atanir. Bu komut sonras1 OTU tablolari siklikla “biom’ formatinda
elde edilir [1, 5].

Siralama verilerini iglemek icin ¢esitli yazilim paketleri mevcuttur. En sik kullanilanlar Qiime, ve Mothur’dur.
QIIME, komut satir1 giriglerini kullanir. On islemler sonrasi elde edilen 6zellik tablolari asagida detaylandirildig
sekilde islenerek mikrobiyal populasyon analizleri i¢in temel ¢iktilar (alfa, beta cesitlilik, taksa baskinliklari) elde
edilir.

Yontem

Mikrobiyota ¢aligmalarinda siklikla kullanilan alfa ve beta ¢esitlilik analizleri ile iki veya daha fazla drneklem
grubu arasindaki mikrobiyal bilesim farkliliklariin karsilastirmasinda kullanilabilecek istatistiksel metotlar
sirayla agiklanmaktadir.
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Alfa Cesitlilik

Alfa cesitliligi bir 6rnek i¢indeki cesitliligi degerlendirir. Bu, her bir 6rnekte kag farkli tiir (OTU) oldugu (richness,
zenginlik) ve bunlarin ne kadar esit dagildigi (evenness, diizgiinliik), ki bunlar birlikte cesitliliktir. Sekil 2
zenginligi ve cesitliligi gdstermektedir. Her iki orman da ayn1 zenginlige (4 agag tiirii) sahiptir, ancak Topluluk 1,
4 tiirtin ¢ok daha esit dagilimina sahipken Topluluk 2'de agag tiirleri A'nin hakimiyeti altindadir. Bu, Topluluk 1'i
Topluluk 2'den daha cesitli kilar.

A B C

Community 1 Community 2
A:25% B:25% C:25% D:25% A:80% B:5% C:5% D:10%

Sekil 2. Alfa Cesitlilik ve homojenlik degerlendirmesi

Alfa cesitliligi hesaplamak i¢in Qiime ve R’1in vegan paketi kullanilabilir. En sik kullanilan alfa ¢esitlilik metrikleri
Shannon’s diversity, Simpson’s diversity, Chao’s richness ve ACE’s richness’tir. Her gruptaki 6rneklerin alfa
cesitlilik degerleri, kutu grafikleri kullanilarak gorsel olarak karsilagtirilabilir. Gruplar arasindaki alfa cesitlilik
farkliliklari, veriler kabaca normal dagildiginda Varyans Analizi (ANOVA), t-testi ya da genellestirilmis lineer
modeller ile; veri normal dagilima uymadiginda ise Kruskal Wallis, Mann-Whitney U testi, Wilcoxon sira
toplamlart testi ya da farkli dagilimli genellestirilmis lineer modeller kullanilarak istatistiksel olarak
degerlendirilebilir [6, 7]. Alfa gesitlilik metriklerinin normal dagilim gésterip gostermedigi hist(meta$shannon) ve
shapiro.test(meta$shannon) gibi fonksiyonlarla gorsel ve teste dayali olarak degerlendirilebilir.

Beta Cesitlilik

Beta cesitlilik, rnekler arasinda mikrobiyomdaki farkliliklar1 degerlendirir. Dolayisiyla, her numunenin birden
fazla degeri vardir. Bazi metrikler bollugu hesaba katar (yani gesitlilik: Bray-Curtis, agirlikli UniFrac) ve bazilart
yalnizca varlik-yokluk temelinde hesaplar (yani zenginlik: Jaccard, agirliksiz UniFrac).

Beta cesitliligi gorsel olarak temsil etmek i¢in temel koordinatlar analizi (PCoA), metrik olmayan ¢ok boyutlu
6lcekleme (NMDS) veya kisitli ana koordinatlar analizi (CPCoA) gibi boyut indirgeme yontemleriyle birlestirilir
[6, 7]. Bu analizler R Vegan paketinde yapilabilir ve sagilim grafigi seklinde gorsellestirilebilirler. Bir nMDS
grafigindeki her sembol, o 6rnegin toplam mikrobiyal toplulugunu temsil eder. Birbirine daha yakin olan semboller
daha fazla benzer mikrobiyotaya sahipken, daha uzak olan semboller daha az benzerlige sahiptir.

pl=(pll,...,plk ) ve p2= (p21,...,p2k ) iki farkli 6rnegin mikrobiyom nispi bollugunu géstersin. Bray-Curtis su
sekilde tamimlanir:

25 | i — pu
2?4 | P T pzf) .

Beta cesitlilik endeksleri arasindaki istatistiksel farklar, veganda adonis() isleviyle permiitasyonlu ¢ok degiskenli
varyans analizi (PERMANOVA) kullanilarak hesaplanabilir.

dse | pl,}‘_')z} =

Filogenetige Dayalh Metrikler

Beta cesitlilik metriklerinin en yaygini UniFrac'tir. UniFrac'in Bray-Curtis veya Jaccard'a gore giici,
mikrobiyotada bulunan tiirlerin filogenetik iliskilerini hesaba katmasidir. Tiim UniFrac varyantlari, iki &rnek
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arasindaki mesafeyi hesaplamak icin merkezi bilgi olarak taksonlar arasindaki iliskinin filogenetik agacim
kullanir.

Taksonomik kompozisyon, bir mikrobiyal toplulukta bulunan mikrobiyota elemanlarini tanimlar. Veri
gorsellestirilirken genellikle phylum veya genus diizeyinde gosterilir. Taksa ve drneklem meta verisi arasindaki
iligkileri ortaya ¢ikarmak i¢in korelasyon analizi kullanilir. Ag analizi, 6zelliklerin birlikte olusumunu biitiinsel bir
bakis agisiyla arastirir. Korelasyon katsayilart ve onemli P degerleri, R'deki cor.test() islevi veya SparCC
(kompozisyonel veriler i¢in seyrek korelasyonlar) paketi gibi bilesimsel veriler i¢in uygun olan daha saglam
araglar kullanilarak hesaplanabilir [8]. Aglar ayrica R kiitiiphanesi igraph kullanilarak gorsellestirilebilir ve analiz
edilebilir [9].

Makine Ogrenmesi ve Veri Madenciligi Yontemleri

Makine 6grenimi, verilerden dgrenen, kaliplari tanimlayan ve kararlar veren bir yapay zeka dalidir. Mikrobiyom
aragtirmalarinda, taksonomik siniflandirma, beta-cesitlilik analizi, gruplama ve belirli 6zelliklerin kompozisyon
analizi i¢in makine 6grenimi kullanilir. Yaygin olarak kullanilan makine 6grenimi yontemleri biyolojik belirteg
bollugunda deneysel duruma bagli degisiklikleri gdstermek i¢in regresyon analizini, biyomarker’1 segerek gruplari
smiflandirmak i¢in random forest (RF), Destek vektor makinesi (DVR), Adaboost ve deep learning’i igerir. RF ve
DVR’yi hesaplamak i¢in R’1n caret paketi ve randomForest paketi de kullanilabilir.

Modeli egitmek ve olusturulan modelin performansini degerlendirmek i¢in OTU bolluk tablosunun %70'ini egitim
seti olarak ve kalan %30'unu ise test seti olarak kullanilir. Makine &grenimi modelinin performansini
degerlendirmek igin, Alici isletim karakteristigi (ROC) egrisi modelimizin test setimizle ne kadar iyi performans
gosterdigini gosterir.

Farksal Bolluk Analizi

R’ BiomMiner hesaplama araci 16S rRNA veya tiim genom verisetinde farkli bolluktaki 6zellikleri tanimlamak
icin metodoloji gergeklestirir. Bunun i¢in Metastats, LEfSe ve mothur v.1.34'te bulunan Kruskal-Wallis testi gibi
koklii yontemler kullanilir. Metastats, Fisher'in kesin testini gerceklestirir ve iki grup arasinda farkli olan
6zelliklerin bir listesini saglamak i¢in p degerini hesaplar.

Cok Degiskenli Farksal Bolluk Testi

Cok degiskenli diferansiyel bolluk testi, iki veya daha fazla numune grubu arasindaki mikrobiyal bilesimdeki
farkliliklarin global bir testini ifade eder. Kruskal-Wallis (sira sayilarinda tek yonlii ANOVA), ikiden fazla
topluluk arasindaki 6zelliklerin ayn1 dagilimdan kaynaklanip kaynaklanmadigini test eden parametrik olmayan bir
yontemdir. Uzaklik matrisini kullanan Permiitasyonlu Cok Degiskenli Varyans Analizi (PERMANOVA) en
yaygin kullanilan tiiriidiir. Gruplar arasinda bilesimde fark olmadigina dair yokluk hipotezi farkli 6rnek gruplarinin
ayni kiitle merkezine sahip olmasi kosuluyla formiile edilmistir. Farkliliklara dayali Vegan R paketinin “adonis”
isleviyle uygulanan ANOVA ile, benzerliklerin analizi ise Vegan R paketinin “anosim” islevi ile ger¢eklestirilir
[10].

Tek Degiskenli Farksal Bolluk Testi

Mikrobiyom bilesiminde 6nemli kiiresel farkliliklar oldugunda bu farkliliga hangi belirli taksalarin yol agtig
sorgulanir. Wilcoxon sira toplami testi veya Kruskal-Wallis testi gibi parametrik olmayan testler uygulanabilir.
Ancak, klasik tek degiskenli yaklagimlarin 6zellikle mikrobiyom verilerinin kompozisyon yapisindan etkilendigini
ve sonuglariin biiyiik yanlis pozitif oranlara sebep oldugu bildirilmistir.

Mikrobiyom verilerinin bilesimsel yapisini agiklayabilen iki CoDA yontemi ANCOM ve ALDEx2’dir.
* ANCOM tiim degisken g¢iftlerinin log orani, ortalamalardaki farkliliklar i¢in test edilir.

*  ALDEX2 algoritmasi sayimlardan ¢ok degiskenli bolluk dagilimini ¢ikarmak i¢in bir Dirichlet-¢ok terimli
model kullanir [11].

LEfSe Analizi

LEfSe (Dogrusal diskriminant analizi Etki Boyutu), etki diizeyini tanimlamak igin bir Kruskal-Wallis ve bir
Wilcoxon sira toplami testini, istatistiksel anlamlilik i¢in ise bir Dogrusal Ayirma Analizi (LDA) uygulayarak
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topluluklar arasindaki farkliliklari acgiklama olasiligi en yiiksek olan 6zellikleri (OTU) seger. Mikrobiyom
calismalarinda biyobelirte¢ saptamak i¢in kullanilan bir yaklagimdir [12]. LDA modeli grup etiketini bagimh
degisken olarak, dnceki adimda segilen taksonlarin gozlenen bollugu ve demografik degiskenleri ise bagimsiz
degiskenler olarak dikkate alarak olusturulur. Spesifik olarak, ilgilenilen sinifa gére anlamli diferansiyel bollugu
olan o6zellikleri tespit etmek i¢in ilk dnce parametrik olmayan faktdriyel Kruskal-Wallis testi kullanilir; biyolojik
tutarlilik daha sonra (eslestirilmemis) Wilcoxon sira toplamlar testi kullanilarak alt siniflar arasinda bir dizi ikili
test kullanilarak aragtirtlir. Son bir adim olarak, LEfSe, diferansiyel bolluga sahip her 6zelligin etki biiyiikligiini
tahmin etmek ve aragtirmaci tarafindan istenirse, boyut kii¢iiltme gerceklestirmek igin LDA'y1 kullanir.

Heatmap

Bir veri kiimesindeki takson sayis1 ¢ok arttik¢a, verilerin tiim 6gelerini etkin bir sekilde goriintiileme yetenegi
zorlasir ve Heatmap bu anlamda yardimet bir aragtir. Heatmap’i daha okunabilir hale getirmek icin en bol bulunan
ilk 20 OTU'ye taksonlar atanarak R’in plot_heatmap fonksiyonundan yararlanilabilir.

Veriseti

Sunulan analiz semast agik erisimli veri tabanlarindan ham veri dosyalar1 indirilip islenmis “TwinsUK
mikrobiyota” projesine dahil edilmis olan obez, asir kilolu kilolu ve zayif goniillillerin verilerini icermektedir
(Goodrich et al. 2014 - doi: 10.1016/j.cell.2014.09.053). Calismanin ham sekans okumalar1 European Nucleotide
Archive (ENA) ERP006339 ve ERP006342 numaralari ile kayithidir [13].

Verisetinde 416 ikiz ¢ift dahil olmak tizere TwinsUK popiilasyonundan elde edilen> 1.000 diski 6rnegi
kullanilmustir. 977 kisiden 1.081 digkt 6rnegi alinmis: 171 MZ ve 245 DZ ikiz cifti, 2'si bilinmeyen zigositeye
sahip ikiz ¢iftlerinden ve 143 6rnek ise bir ikizlik i¢indeki sadece tek ikizden alinmistir. Deneklerin ¢ogu, 23 ila
86 yaslar1 arasinda degisen kadindi (ortalama yas: 60.6 =+ 0.3 y11). Deneklerin ortalama BKi (Beden kitle indeksi)'si
26.25 (£ 0.16) idi: dagilislar1 ise 433 denek diisiik ila normal BKl'ye sahipti (<25), 322 kisi asir1 kilolu BKi'ye
sahipti (25-30), 183 kisi obezdi (>30) ve 39 kisi mevcut BKI durumunun bilinmedigi kisilerdi. Caligmamizda
mikrobiyom analizlerini gdstermek amactyla her bir gruptan rastgele 20’ser 6rnek cekilmistir.

Bulgular
Alfa Cegsitlilik degerlendirmesi

Alfa gesitliligi ve zenginligin genel degerlendirmesi igin ilk olarak 4 farkli metrigi eszamanl gozlemlemek igin
histogram grafikleri olusturulmustur (Sekil 3). Grafiklere gore gozlenen OTU, Shannon ve chao zenginlik
metriklerinin kabaca normal dagildig1 goriilmektedir. Kolmogorov-Smirnov testi de sadece 1/simpson dlgiisiiniin
normal dagilmadigint dogrulamigtir (p=0.013).

Uc kilo grubu arasinda yapilan karsilastirmada; Shannon cesitliligi zayif grupta diger kilo gruplarina gore daha
yiiksek gibi goriinmesine ragmen grup dagilislar: arasinda anlamli fark bulunmamustir (F=1.215, p=0.304). Diger
Olciiler agisindan da gruplar arasinda fark yoktur (p=>0.05, Sekil 4).
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Sekil 3. Alfa ¢esitlilik metriklerinin dagilislar

Shannon Diversity

0B
Disease Group

Sekil 4. Kilo gruplarmin Shannon gesitlilik metrigi dagilis1 (Lean: Zayif, OB: Obez, OW: Asir1 kilolu)

Beta Cesitlilik Sonuclar:

Beta ¢esitlilik i¢in ilk olarak; OTU’lerin hem varlig1/ yoklugu hem de bollugunu dikkate alan OTU’ye dayali Bray-
Curtis metrigi kullanilarak nMDS degerleri hesaplanmistir. K=2 ve k=3 boyutlu uzayda BC uzakligina dayali
¢ozlimler igin yakinsama elde edilememistir. Buna ragmen stress degerleri k=2 i¢in 0.24 ve k=3 boyutta ise 0.19
bulunmustur. Aitchison uzakhigini kullanarak beta gesitlilik ordinasyonu elde edilmistir. Ozdegerler ve agikladig1
varyans oranlar1 hesaplanmustir. Ilk 5 bilesenin agiklanan varyanslar1 asagidaki gibidir:

PC1 pPC2 PC3 PC4 PC5
0.04294397 0.03930212 0.03558859 0.02990568 0.02631134
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Kilo gruplarina gére merkez konumunda fark olmadigina dair yokluk hipotezi kabul edilmistir (F=1.01, p=0.343,
Sekil 5). Gruplar arasi agiklanan varyans oram da oldukea kiiciiktiir (R?=0.034). Yine permiitasyon testi sonucunda
da (Nperm=999, F=0.664, p=0.534) gruplar arasi fark anlamli degildir.

o L)
* ° 2
s = > ° Group
> s
2 ¢ Lean
* L
8 o R ¢- 08
o L ® ow
. B
'}
L
‘o
L .
* L
0
PC1 [4.3%]

Sekil 5. Bray-Curtis’e dayali PcoA

Son olarak PCoA kullanarak filogenetige dayali agirlikli ve agirliksiz UniFrac metrikleri hesaplanmustir (Sekil 6).
PCoA, Oklid dis1 metrikler icin temel bilesenler analizi olarak diisiiniilebilir.
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Sekil 6. Agirliklt ve agirliksiz UniFrac metrikleri i¢in PCoA

Relatif Taksa Baskinlhiklar1

Phylum diizeyinde Firmicutes, Proteobacteria ve Euryarchaeota’nin kilo gruplar arasindaki dagilislar1 Kruskal
Wallis ile test edilmistir. Zayif, obez ve asir1 kilolu gruplar arasinda Firmicutes ve Proteobacteria dagilislar
acisindan anlamlt fark bulunmamustir (p degeri sirasiyla 0.47, 0.37). Ancak Euryarchaeota bakterisi ii¢ hastalik
grubu arasinda istatistiksel olarak anlamh farklilik gostermistir (x?=6.91, p=0.031). Pairwise Wilcoxon (ikili
karsilastirma) testlerine gore bu farklilik obez ve asir1 kilolu gruplar arasindaki farktan kaynaklanmistir (p=0.029).
Obez grubun ortanca bollugu asir1 kilolu gruba kiyasla daha diisiiktiir.
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Euryarchaeota bakterisi igin gruplarin tanimlayici istatistikleri

Zayif
vars n mean sd median trimmed mad min max range skew kurtosis se

X1 120001 004 O O 0 0 018 0.18 3.73 12.79 0.01

Obez
vars n mean sd median trimmed mad min max range skew kurtosis se

X1 120 0 0 O 0 0 0 001 001 202 2630

Asiri kilolu
vars n mean sd median trimmed mad min max range skew kurtosis se

X1 120001 002 0 001 O O 0.09 009 239 5470

Gruplara gore taksa bolluklarinin sekilsel sunumu ise ggplot2 paketi yardimiyla elde edilmistir (Sekil 7).
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Sekil 7. Phylum diizeyinde gruplar arasi taksa bolluk karsilagtirmasi

Tablo 1. Gruplarmn taksa bollugunun Aldex2 Testi ile karsilastirmast

Genus Diizeyinde goreli bolluk karsilagtirma Bulgular:

Genus Tiirii Aldex2 Diizeltilmemis Diizeltilmis KW

KW P Degeri P Degeri
Lachnospiracea_incertae_sedis 0.032 0.723
Dorea 0.011 0.347

86




XXII. Ulusal v e V. Uluslararasi Biyoistatistik Kongresi
XXII. National and V. International Biostatistics Congress
28-30 Ekim 2021 Cevrim igi Kongre — Online Congress

Sozlu Bildiriler
Oral Presentations

Bacteroides 0.013 0.501
Ruminococcus 0.037 0.773
Blautia 0.041 0.739
Faecalibacterium 0.036 0.744

LEfSe Analizi Bulgular:

%0.01 den diisiik OTU larn filtrelenerek 3 Grup arasinda yapilan Lefse analizi sonucunda; p<0.05 ve LDA >2
biylikliigi igin, agir1 kilolularda en fazla farksal bolluga sahip taksa Subdoligranulum cinsidir.

. g_Subdobgranche

. oW

9_Subdobgranulum _

[ i | | |
00 05 10 15 20 25 30 35
LDA SCORE (log 10)

Sekil 8. Zay1f, asir1 kilolu ve obez gruplar aras1 LEfSe analizleri

Gruplarm ikiserli karsilagtirmalarinin alindigi LEfSe analizi sonuglarina gore; yesil olarak goriilenler obeziteye
anlamli etkisi olan bakteriler, kirmizilar ise zayif grup ilizerinde anlamli farksal bolluga sahip bakteriler olmak
iizere kladograma gore 11 adet tespit edilmistir. Zayif ve asir1 kilolular arasi karsilasgtirmada asirt kilolu grup
iizerinde anlamli etkiye sahip bakteri Subdoligranulum iken zay1f grup iizerinde anlamli bolluga sahip taksalar ise
6 adet belirlenmistir. Obez ve asir1 kilolu grup karsilastirmasi sonucunda ise Clostridium_XIVa bakterisi obezite
iizerinde anlaml1 farksal bolluga sahip iken asir1 kilolu grupta etkili taksalar ise 12 adet bulunmustur (Sekil 9).
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Sekil 9. Obez ve asir1 kilolu gruplar arasi Lefse karsilastirmasi
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Tartisma ve Sonug¢

Mikrobiyom sayim verileri genel olarak asir1 yaygin ve cok sayida sifira sahip yapidadir. Eger sifirli hiicreler igin
filtreleme, stizme gibi 6zel bir islem uygulamiyor isek fazla sifirlarin 6zelliklerini yakalamak ve saga carpik
mikrobiyom verilerini modellemek igin Zero-inflated Poisson (ZIP), Zero-inflated Negative Binomial (ZINB)
veya hurdle modeli gibi bir sifir yigilmali modeller segilmelidir [1, 14]. Mikrobiyom verilerinin kompozisyonel
(bagimli) yapisinin géz ardi edilmesi de yapay korelasyonlar ile sonuglanabilir. Son yillarda mikrobiyom
verilerinin kompozisyonel (birlesimsel-bagimli) yapisini analiz etmenin her adiminda (a ve B ¢esitlilik analizleri,
ordinasyon ve tek degiskenli ve ¢cok degiskenli farksal bolluk testlerinde Aitchison’un 6nerdigi Compositional
Data Analysis (CoDA) metotlari tercih edilmelidir [1, 7]. Gruplarin bakteriyel bolluk dagilislarini toplu olarak
goriintilleme amaciyla heatmap’ler ve boxplot’lardan yararlanilabilir. Ancak klasik istatistiksel analizler i¢in tiim
taksa toplulugunda gruplar1 en fazla ayirt etmeyi saglayan bakterileri secebilen Lefse testi iyi bir alternatiftir.
Klasik istatistiksel metotlar ile Lefse testi bulgularindaki farkliliklar degisen parametre degerlerine gére benzetim
deneyleri ile irdelenebilir. Alfa ve beta cesitlilikleri acisindan yapilan gruplar arasi karsilagtirmalarda fark
bulunamamis olmast literatiirdeki mikrobiotayi kilo gruplarinda inceleyen bazi ¢aligmalar ile uyumludur [15, 16].
Kitten ve arkadaglar1 14 diyabetli ve 23 kontrol hastasi ile yiiriittikleri calismada Shannon gesitliligi  (p = 0.341)
ve beta gesitliligini Tip 2 diyabet ile iligkili bulamamislardir (p = 0.201).
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Mamografi Goriintiilerinde On islemede Kullanilan Filtreleme Yéntemleri icin Belirlenen Farkh
Parametre Degerlerinin Sinmiflama Basarisina Etkisi

Hanife Aval, Jale Karakaya®

Hacettepe Universitesi Tip Fakiiltesi, Biyoistatistik Anabilim Dali, Ankara

Giris: Meme kanseri kadinlarda en sik goriilen kanser tiirlerinden biridir. Ancak goriintiilleme yontemleri ile
diizenli tarama yapilarak erken teshis edildiginde tedavi edilebilir bir hastaliktir. Dijital mamografi meme kanseri
tanisinda kullanilan tarama yontemidir. Hizli ve dogru tani koyabilmek i¢in mamografi goériintiilerinin yiiksek
kontrast ve ¢oziliniirliige sahip olmasi gerekir. Bilgisayar destekli tan1 (CAD) modelleri, tibbi goriintiilerdeki
lezyonlu alanlar1 yorumlamaya ve teshis etmeye yardimci olan bilgisayar sistemleridir [1]. Goriintii igleme
algoritmalar1, CAD sistemleri ile mamografi goriintiilerini iyilestirmek ve normal ve anormal dokuyu ayirt etmek
icin kullanilir. Caligmanin amaci, mamografi goriintiilerinin goriiniirligiinii artirmak ve gortntiilerdeki giiriiltiiy
azaltmak i¢in kullanilan ¢esitli 6n isleme yontemlerinin parametre degerlerindeki degisikliklerin siniflandirma
performansina katkisini incelemektir.

Yontem: Goriintilleme yontemleri ile diizenli tarama yapilarak hastaliklara erken tani konulmasi biiyiik 6nem
tagimaktadir. Hizli ve dogru tan1 koyabilmek igin goriintiileme yontemleriyle elde edilen goriintiilerin yiiksek
kontrast ve ¢oziiniirliige sahip olmasi ve etiket bilgisi igermemesi gerekmektedir. Bu nedenle bilgisayar destekli
tan1 modelleri, tibbi goriintiilerde lezyonlu bdlgelerin yorumlanmasina ve tani koyulmasina yardimei olan
bilgisayar sistemleridir. Bu nedenle, bu calismada, oncelikle goriintii 6n isleme ydntemleriyle mamografi
goriintiileri iyilestirilmis, 6n isleme yontemlerinin farkli parametre degerlerine gére normal-benign-malign ve
normal-anormal (benign ve malign) doku siniflandirma basarilart incelenmistir. Bunun i¢in mini-MIAS [2] veri
tabanindan rastgele olarak secilen 120 mamografi goriintiisii kullanilmistir. Bu ¢alismada 6n isleme yontemi olarak
Gauss filtre, CLAHE ve Fast local Laplacian filtreleme yontemleri uygulanmistir. Gauss filtreleme yonteminin
o (sigma) parametresi -3<o<3 araliginda degisim gostermektedir [3]. Laplacian filtreleme yontemi i¢in ¢ (Sigma)
ve a (alpha) parametre degerleri belirlenmektedir. Binary goriintiiler i¢in o degeri [0, 1], farkli aralikta goriintiiler
icin o degeri [a,b] aralifinda olmalidir. & degeri ise [0.01, 10] araligindadir [4]. 1.Parametre degerleri Gauss filter
icin ¢ = 3, Laplacian filter 6=0.6 and a=0.6 ve 2. Parametre degerleri Gauss filter i¢in ¢ = 1, Laplacian filter
0=2 ve a=2 olarak belirlenmistir. On isleme adimindan sonra k-ortalamalar kiimeleme béliitleme yontemi ile ilgili
bolgeler (region of interest, ROI) elde edilmistir. Gri seviye es olusum matrisi (Gray level co-occurence matrix,
GLCM) ve Gri seviye ¢alisma uzunlugu matrisi (Gray level run length matrix, GLRLM) y6ntemleri ile 6zellikler
¢ikarilmistir. Korelasyon matrisi ile 6zellik se¢imi yapildiktan sonra Destek Vektor Makineleri (DVM), Rastgele
Orman (RO), Yapay Sinir Aglar1 (YSA), Naive Bayes (NB), k-En Yakin Komsuluk (k-NN) ve Karar Agaglart
(KA) yontemleri ile elde edilen 6zelliklerin performanslari incelenmistir.

Bulgular: 1. parametre degerlerine gore 2. parametre degerleri ile elde edilen 6zelliklerinden gogunun tek bagina
siiflama performanslarinin daha yiiksek oldugu goriilmiistiir. Secilen 10 6zelligin birlikte degerlendirildigi MIAS
veri tabanindaki mamografi goriintiilerinin farkli parametre degerlerine gore, tiglii sinif olarak (normal, benign and
malign doku) smiflandirma yontemlerinin dogruluk oranlari incelenmistir. Bu sonuglara gore Gauss
bulaniklastirma filtresinin parametre degeri kiigiildiikge, Fast local Laplacian filtering parametre degerleri
biiyiidiikge daha yiiksek dogruluk degerleri elde edilmistir. Normal-anormal (benign+malign) siniflamasinda ise
2.parametre degerlerinin 1.parametre degerlerine gére hem dogruluk hem de egri altinda kalan (AUC) bakimindan
daha yiiksek performans gostermistir. Dogruluk ve AUC gibi dlgiilere baktigimizda, 2.parametre degerlerine gore,
DVM, RF, ANN ve NB siniflandirma yontemlerinin performanslar1 k-NN ve DT yontemine gore daha basarilidir.

Sonuc: Ozetle, mamografi goriintiilerini iyilestirmek icin kullanilan &n isleme yontemlerinin farkli parametre
degerlerinin siniflandirma yontemlerinin basarisini degistirebilecegi elde edilmistir.

Bagska bir deyisle, Gauss bulaniklik filtresinin parametre degeri azaldik¢a ve Hizli yerel Laplacian filtreleme
parametre degerleri arttik¢a siniflandirma yontemlerinin performansi artti.

Anahtar Sozciikler: Bilgisayar destekli tani, filtreleme yontemleri, farkli parametre degerleri, veri madenciligi.
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Cevre Epidemiyolojisi Alaninda Kullanilan Zaman Serisi Modellerinin Bibliyometrik ve Altmetrik
Skorlarmin Karsilastirilmasi

Mehmet KARADAG

Hatay Mustafa Kemal Universitesi Tip Fakiiltesi Biyoistatistik ve Tip Bilisimi Anabilim Dali, Hatay,
mkarad@gmail.com

Amag: Hava kirliligi ve ¢6l firtinas1 gibi olaylarla hastalik kaynakli 6liimlerin, zaman serisi regresyon modelleri
kullanilarak iligkilendirilmesi son yillarda popiiler olmus bir alandir. Bu ¢aligmada bahsi gegen modelleri kullanan
makalelere akademi (atif) ile sosyal medyanm ilgisinin (Altmetrik Ilgi Skorlar1 (AIS)) karsilastirilmasi ve
modellerden hangisinin daha ¢ok 6ne ¢iktiginin incelenmesi amaglandi.

Yontem: Bu calismaya dahil edilecek makalelerin incelenmesi, Thomson Reuters (Philadelphia, PA, ABD)
tarafindan saglanan Web of Science Core Collection (WoSCC) araciligtyla Science Citation Index Expanded (SCI-
EXPANDED) veritabani kullanilarak 29 Eyliil 2021 tarihinde gergeklestirildi. Atif indeksleri ile ilgili olarak Social
Sciences Citation Index, Science Citation Index Expanded ve Emerging Sources Citation Index kullanildi. Basit
arama alaninda konu bdolimiine “Time Series Regression”, “Air Pollution”, “Mortality” terimleri “and”
kullanilarak yazilip arandi. Arama 2011-2021 tarihleri segilerek yapildi. Ulasilan makalelerin yayin y1li, basyazari,
yayin tipi, yayinlandigi iilke ve yayin metodunda kullanilan zaman serisi regresyon modeli bilgileri alinip Excel
dosyasina aktarildi. Elde edilen yaymlarda WOS fiizerinden 100 atif ve {izeri alan yayinlar dikkate alindi. Daha
sonra isaretlenen yayinlarin Altmetrik Ilgi Skorlar1 (AIS) (Altmetric Attention Scores” (AASs)) ve yaymn ile ilgili
atilan Tweet sayilari, Mendeley platformunda ilgi diizeyleri incelenerek WOS {iizerinden aldig: atif sayilar ile
kargilagtirildi. Altmetrik Ilgi Skoru puanlarina “Altmetric Explorer web site”
(https://www.altmetric.com/products/explorer-for-publishers/) sitesinden ulasildi

Bulgular: Belirtilen anahtar kelimeler girildiginde son 10 yil igerisinde WOS fizerinden 539 makaleye ulasildi.
100 ve iizeri atif alan makale sayis1 20 olarak tespit edildi. Atif sayilarinin ortalamasinin 143.90+55.82, AlS
ortalamalarinin 11.00£26.30, yaymlar hakkinda atilan tweet ortalamasinin 7.95+27.65, Mendeley platformunda
okunma ortalamasinin 130.85+55.14, yayin iizerinden gegen siirenin 7.60+1.47 oldugu gézlendi. Ilgili makalelerin
yaymlandigi dergiler incelendiginde timiiniin Q1 kategorisinde dergiler oldugu ve etki faktérlerinin
ortalamalarimin 8.00+5.67 oldugu gériildii. Yayinlara yapilan atif sayilar1 ile AIS arasinda pozitif yonde orta
diizeyde istatistiksel olarak anlaml1 bir korelasyona rastlandi (r=0.491;p=0.028). Benzer olarak AIS ile yayinlara
atilan Tweet sayilar1 arasinda da pozitif yonde giiglii anlamli korelasyona rastland1 (r=0.706;p=0.001). Kullanilan
metotlar incelendiginde yarisina yakininda (%45) GLM-Poisson Regresyon, dortte bir oraninda DLNM ve beste
birinin ise GAM oldugu goriildii.

Sonug: Son yillarda yasanan asir1 iklim olaylari, insan hayatinin birgok alanini olumsuz yonde etkilemektedir.
Hava olaylar ile hastaliklarin iligkisini arastirmada kullanilan zaman serisi modelleri ile yapilan makalelere
akademinin ilgisinin oldugu kadar sosyal meydaninda ilgisinin oldugu goriildii. GLM-Poisson regresyon
modellerinin en ¢ok kullanilan modeller oldugu gozlendi.

Anahtar Sozciikler: Cevre epidemiyolojisi, Zaman serisi modelleri, Altmetrik lgi Skoru
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Tip2 Diyabet Hastalar1 icin Yapay Zeka Tabanh Kisisellestirilmis bir Zeki Sistem Onerisi
Osman Tolga KASKATI!, Burcu TASKAN DEMIRKOK? Onur YESIL?, Seref SAGIROGLU?

'Lokman Hekim Universitesi, Tip Fakiiltesi, Biyoistatistik Anabilim Dal, Ankara
2BYS Grup Bilisim Sistemleri Damismanlik Ticaret ve Sanayi A.S., Ankara
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Ozet

Giris: Tip 2 Diyabet Mellitus (T2DM); toplumda 40 yasin {izerindeki kisilerde siklikla goriilen 6zellikle de
iilkemizde hizla artan diyabet tiirlerindendir. Pankreasin yeterli miktarda insiilin salgilayamamasi veya salgilanan
insiilinin yeterli derecede kullanilmamasi nedeniyle kan sekerinin yiikselmesi ile sinir sistemi, goz, kalp ve kan
damarlar1 gibi uzuvlarda sikintilara veya kayiplara yol acabilmektedir. Diinya’da 500 milyona yakin diyabet
hastasinin bulundugu gézoniine alindiginda; T2DM gibi kronik hastaliklar, tedavi siireclerinde ilaclarin yani sira
kisinin yasam kalitesinin yiikseltilmesi, bunu yiikseltmede biligim teknolojileri (BT) tabanli ¢oziimler gelistirme,
yasam faaliyetlerimizi takip ederek toplanan verileri yapay zeka (Al) temelli modeller ile analiz edilebildigi ve
sonugta bireye 6zgii teknolojik ¢éziimler ile yagam kalitesinin iyilestirilmesine yonelik ¢oziimlere ihtiya¢ vardir.
Bu galismada, Al tabanli modelleme yaklasimlar ile T2DM hastaliginin iyilestirilmesine yonelik bireye 6zgii zeki
bir ¢6ziim gelistirilmis ve kullanima sunulmustur.

Yontem: Calisma kapsaminda T2DM hastalarinin yasam kalitesini artirmaya yonelik olarak zeki bir sistem
gelistirilmistir. Zeki sistem, T2DM diyabete iligkin bireye 6zgii sorular sorup, cevap alabilecegi yapay zeka tabanli
bir sohbet robotu (chatbot) olup, hastalarin gerek uyarilmasinda gerekse ihtiya¢ duyulan anda durumuyla ilgili
cevap alabilecegi ve sonucta davraniglarint kontrol edebilecegi bir yapi olarak tasarlanmigtir. Sohbet robotu,
hastalardan toplanan veriler ile doktorlarin verdigi kararlardan olusan veriler dikkate alinarak egitilen ¢ok katmanl
yapay sinir ag1 ve dogal dil isleme (NLP) yontemi kullanilarak sorular anlamlandirilmakta ve ayristirilmakta,
sorularin tanimlanmasi sonrast belirlenen kurala bagh olarak analiz edilmekte ve elde edilen cevaplar hastaya
aninda iletilmektedir. Hastanin genel durumu ve doktor tavsiyesi g6z oniinde bulundurularak periyodik araliklarla
hastaya karar bildirimleri de iletilmektedir. Bu sekilde, kullanicinin yapmak istedigi eylemi diyalog kurarak yapan,
kullanicilarina insanlarla konusuyormus gibi deneyim yasatan bir altyapi olusturulmustur. Sohbet robotu; ¢apraz
platform (cross-platform) mobil platformu olacak sekilde hem “IOS” ve “Android” programlama dili hem de
“React-Native” programlama gergevesi olarak 3 dilde hazirlanmig olup arka yilizde (back-end) mikro servis
yapisinda Python Flask microframework tercih edilmistir. Arka yiiz tarafinda, Al tabanli soru tanima, sorularin
tanimlanmasi sonrasi belirlenen kurala bagli kapsam devamliligini saglayan veri tabani modiilii ve kullaniciya
hatirlatma i¢in kullanilan sohbet robotu bildirim sistemi bulunmaktadir. Gelistirilen zeki sistem ile, NLP
yontemleri ile veri Onigleme siire¢lerinden sonra veri tabani olugturulur, yapay zeka ile sorulan sorunun
kargilagtirtlmasi yapilir ve baglam c¢ikarilir; soru havuzu genisletilebilir bir yapida hazirlanmis olup yeni veriler
sisteme eklendik¢e de model tekrarlanir.

Bulgular ve Sonug: Veri 6nisleme biinyesinde 109 tane essiz kelime kokii elde edilmistir. Egitilen model
sonucunda kullanicinin sordugu soru belirlenen 23 baglam i¢in olma olasilig1 hesaplanmistir. Model testleri ve
dogrulamasi sonucunda elde edilen basari orant 50 soruluk test biinyesinde %93 olarak 6l¢iilmiis olup ¢6ziimiin;
hastalarin yasam kalitesinin artirmanin yaninda, saglik profesyonelleri ve bakim merkez c¢alisanlarinin islerini
kolaylagtiracagi degerlendirilmektedir. Sunulan ¢6ziimiin, T2DM hastalarin1 giiclendirme, diyabetin artan insidans
oranlar1 ile miicadele etmeyi kolaylastirma, komplikasyonlar1 azaltma ve tiiketilen kaynaklar1 minimize etme
kullanilabilecegi ve 6zellikle de T2DM hastalar1 i¢in etkili, kisisellestirilmis ve otomatize edilmis yeni bir ¢alisma
oldugu degerlendirilmektedir.

Anahtar Sozciikler: Yapay Zeka, Tip 2 diyabet mellitus, ¢ok katmanli yapay sinir ag1, dogal dil isleme, sohbet
robotu
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ABSTRACT

Aim: Determining which factors contribute to COVID-19 patients’ hazard (shorter time to mortality) is important
both for the understanding of the disease, but also hospital management. Most often, the single-variable test p-
value is used for ranking risk factors. On the other hand, the important role played by a variable in a single or
multi-variable classifier can be another way to rank factors. Furthermore, a factor that is protective in leading to a
faster release from the hospital provides an alternative perspective.

Material and Methods: More than 3000 people and 30 potential risk factors were collected from the Amasya
State Hospital between March and November 2020. The 2682 outpatients do not have time-to-event data and were
excluded from survival analysis. We create a composite ranking for a COVID-19 time-to-event data by averaging
ten measures in four different methods: two measures (discordant index and integrated Brier score) in single-
variable RSF (random survival forest), single-variable Cox proportional hazard ratio model , permutation based
variable importance in the full RSF model, and the order of variable selection in the regularized regression LASSO
(least absolute shrinkage and selection operator), applying to time-to-death and time-to-release events respectively.
With the composite ranking order, we carried out a forward variable addition (top ranked factors added first) and
backward variable reduction (lowest rank factors removed first) in RSF to choose a cutoff of the list.

Results: Using the error curve we roughly estimate the number of relevant factor groups to be from 9 to 17. The
top-5 factor groups for event-to-death analyses are: urea/creatine, calcium, neutrophil/white-blood-cell,
lymphocyte, and glucose; the top 5 factor groups for event-to-release analyses are: ferritin, red-cell-distribution-
width, age, neutrophil/white-blood-cell, and calcium. The overall top-5 factors are calcium, white-blood-
cell/neutrophil, urea, d-dimer, and red-cell-distribution-width

Conclusion: We have carried out an analysis on factors affecting COVID-19 hazard or protection in a time-to-
event data from a Turkish cohort. We use multiple methods to rank factors; some are traditional single-variable
test, such as Cox proportional hazard ratio model, whereas others are multiple-variable machine learning
techniques, such as RSF. A novel choice in our composite ranking is to find protective ability of lower-value of a
risk factor that causes a faster hospital release. This provides a complement to other approaches that only focus
on faster time to death. All of our top choices in the composite ranking list were already discovered by other studies
to be associated with COVID-19 severity or/and mortality.

Keywords: Random Survival Forest, COVID-19, Time-to-Event-Data, Survival Analysis, Meta-Analysis
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Use of Classification Algorithms as a Support in Clinical Decision Making: An Application on
Hypothyroidism-Related Headache

Mehmet Ali SUNGUR?, Demet Hanife SUNGUR?, Derya ULUDUZS, Rabia Gékgen GOZUBATIK CELIK?,
Esra HATIPOGLU®
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2Diizce University, Department of Electrical, Electronics and Computer Engineering, Diizce
3Jstanbul University, Department of Neurology, Istanbul
*Bakirkéy Mental Health and Neurological Diseases Training and Research Hospital, Department of Neurology, Istanbul
S[stanbul University, Department of Internal Disease, Istanbul

Aim: Headache is a common disease in the community and is divided into subtypes of primary headache such as
migraine and tension-type headache. Headaches seen in patients with Hashimoto's thyroiditis may be a primary
headache or hypothyroidism-related headache. The aim of this study is to examine the usability of machine
learning approaches in the detection of hypothyroidism-related headaches in patients with Hashimoto's thyroiditis
and to compare the performance of classification methods.

Methods: The data of 155 patients diagnosed with Hashimoto's thyroiditis, who followed up in the Endocrinology
outpatient clinic of Istanbul University, were analyzed in the study, and a headache was accompanied in 95
patients. Forty-eight of these patients were found to have hypothyroidism-related headaches. The data set consists
of age, gender, antibodies, thyroid function tests, disease duration, headache frequency, severity, character, and
localization. Among the classification methods, decision trees, random forest, k-nearest neighbor, naive Bayes,
and support vector machines were used. The cross-validation method was applied to prevent the over-learning
problem in the data set. Accurate classification rate, accuracy, sensitivity, and selectivity criteria were used to
evaluate the classification performance of the models used in the study.

Results: While 0.8632 accuracy was obtained with the random forest algorithm, an accuracy of 0.8105 with the
k-nearest neighbor algorithm; an accuracy of 0.8842 with the naive Bayes algorithm, and an accuracy of 0.9263
with the support vector machines were obtained. Sensitivity and selectivity were obtained as 0.8542 and 0.8723
with the random forest algorithm; 0.7708 and 0.8511 with the k-nearest neighbor algorithm; 0.8333 and 0.9362
with the naive Bayes algorithm; and 0.9375 and 0.9149 with the support vector machines, respectively.

Conclusion: It has been observed that the support vector machines perform better classification compared to other
algorithms. The classification successes obtained in terms of using classification algorithms in clinical decision
support systems seem promising.

Keywords: Machine learning, classification, hypothyroidism-related headache.
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Gen Ifade Veri Setlerinde Boyut indirgeme Yéntemlerinin Simiflama Performansina Etkilerinin
Karsilastirilmasi

Fatma Hilal YAGIN?, Harika Gozde GOZUKARA BAG!

Ynonii Universitesi Tip Fakiiltesi Biyoistatistik ve Tip Bilisimi Anabilim Dali, Malatya, Tiirkiye.

Giris: Bu ¢aligmanin amac, yiiksek boyutlu Akut Miyeloid Losemi (AML) hastalig1 gen ifade veri setinde boyut
indirgeme yontemlerinin (temel bilesenler analizi (PCA) ve bagimsiz bilesenler analizi (ICA)) ¢esitli destek vektor
makinesi siniflandirma yontemlerine etkilerinin kargilagtirilmasidir.

Yontem: Bu calismada GEO veri deposunda GDS3057 kodu ile yiiklenen AML gen ifade veri seti kullanilmistir.
Veri setinde 38 saglikli dondrden alinan normal hematopoietik hiicreler ile 26 AML hastasindan gelen 16semik
blastlar arasindaki gen ifade profilleri bulunmaktadir. AML veri seti 64 kisi ve 22283 gene ait ifade seviyelerini
icermektedir. Veri setine filtreleme islemi yapildiktan sonra temel bilesenler analizi (PCA) ve bagimsiz bilesenler
analizi (ICA) yontemleri uygulanmistir. Bu yontemlerden elde edilen boyutu indirgenmis veri setleri kullanilarak
Dogrusal, Polinomiyal ve Radyal tabanli ¢ekirdek fonksiyonlu Destek Vektdr Makinesi (DVM) yontemleri ile g
farkli model olugturulmustur. Modelleme asamasinda yeniden drnekleme yontemi olarak 10 tekrarli 10 katli gapraz
gegerlik ve hiperparametre optimizasyonu igin rasgele arama yontemi kullanilmistir. Olusturulan modellerin
performansimi degerlendirmek i¢in dogru smiflama orani, duyarlilik, segicilik, kesinlik ve F1 skor degerlerinin
ortalamalar1 verilmistir.

Bulgular: Filtreleme islemi yapildiktan sonra AML veri setinde 6201 gen kalmistir. PCA/ICA uygulandiktan
sonra AML gen ifade veri setinden 10 bilesen ¢ikarilmistir. Sonuglar incelendiginde AML hastaliini ayirt etme
giicii en iyi olan model veri setine PCA uygulandiktan sonra Polinomiyal ¢ekirdek fonksiyon ile kurulan DVM
modeli olarak bulunmustur (Dogruluk: % 95.64, Duyarlilik: % 94.53, Secicilik: % 96.46, Kesinlik: % 95.48, F1
Skor: % 94.99).

Sonug: Gen ifade veri setleri ile siiflandirma modelleri olusturulmadan 6nce boyut indirgeme yontemleri
kullanilarak yiiksek boyutluluk sorunu giderilmeli, modeller daha sonra olusturulmalidir. Bu yontemler analiz
stiresini kisaltir ve modellerin ayirt etme giiciinii arttirir. Bu ¢alismada; AML gen ifade veri setinde siniflandirma
modellerinden Polinomiyal ¢ekirdek fonksiyon ile kurulan DVM modelleri, Dogrusal ve Radyal tabanli ¢ekirdek
fonksiyonu ile kurulan DVM modellerine gore daha iyi sonug vermistir. Ek olarak PCA’nin ICA’ya kiyasla model
performansina katkisinin daha fazla oldugu sdylenebilir. Ancak birden fazla veri setinde ve/veya simiile veri
setinde bu yontemleri deneyerek sonuglari karsilastirmak daha kesin sonuglara ulagilmasi agisindan énemlidir.

Anahtar Soézciikler: Boyut 1ndirgeme, Gen Ifade Veri Seti, Ozellik Cikarimi, Siniflandirma
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A Nomogram Model to Predict Bone Metastasis in Patients with Breast Cancer
Senem KOC?, Halil Ibrahim TANBOGA!, Fuzuli TUGRUL?

!Nisantasi University, Faculty of Medicine, Department of Medical Statistics, Istanbul
2Eskisehir City Hospital, Department of Radiation Oncology, Eskisehir

Introduction: Breast cancer is the most common cancer in women worldwide. These patients present with
metastatic disease at the time of first diagnosis, with early-stage disease will afterward develop metastasis. Breast
cancer often metastasizes to the bone. The aim of the study was to use clinical variables to develop a logistic
regression nomogram that can predict bone metastasis with breast cancer.

Methods: Medical records of patients with breast cancer were retrospectively collected between 2018 and 2021
in Eskisehir City Hospital. A Logistic regression nomogram was performed using R.

Results: Among 210 patients with breast cancer, 47 developed bone metastases. The results showed that the major
risk factors of bone metastases (Fig. 1) are Age, Ki67, oestrogen, progesterone, Cerb2, monocytes, lymph node
status, and menstruation status which were significantly and independently associated, the area under ROC was
0.716.

Conclusions: We have developed a clinical nomogram to predict bone metastatic breast cancer and this model
can be printed out and used for probability prediction without the use of computer or calculator.

Q 10 20 30 40 50 60 70 80 90 WQU
Points
AGE 2 30 35 40 a5 50 55 60 a5 70 75 80 85 %0
Kis7 10 20 30 40 50 60 7 80 90 100 110 120 180 140
Estrogen ]
Progesterone 9
CERB2 1
Monocytes
1/6 04
Lymp .
45 i 3’5 3 25 ) 1 i ols 0
Mens. ]
Total Points 0 20 40 60 80 100 120 140 160 180 200 230 240
Kemik metastaz Riski
emik metastazi fis 005 01 015 02 025 0303504045050 55060.6507

Fig.1. Nomogram to predict the probability of Bone Metastasis in Patients with Breast Cancer

Keywords: Breast cancer, bone metastasis, nhomogram, logistic regression, prediction.
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Investigation of the Effect of Hepatosteatosis on Severity Score Obtained by Repeated Measures in
COVID-19 Patients

Sirin Cetin', Ozge Pasin?, Ahmet Turan Kaya®

! Biostatistics Department, Faculty of Medicine, Tokat GaziosmanPasa University, cetinsirin55@gmail.com
2 Biostatistics Department, Faculty of Medicine, Bezmialem University, opasin@bezmialem.edu.tr
3 Radiology Department, Amasya State Hospital, hmttrnky.62@gmail.com

Abstract
Introduction

The aim of this study is to examine the change in the computed tomography (CT) score value of patients with
COVID 19 and hepatosteatosis (nonalcoholic fatty liver disease). For this purpose, outpatients and inpatients from
Amasya State Hospital were followed, and COVID-19 patients whose diagnosis was confirmed by laboratory were
retrospectively screened. Patients' demographic information, comorbidities, history of hospitalization or intensive
care unit (ICU) admission, laboratory findings, length of hospital stay, and electronic medical records were
recorded. According to electronic medical records, laboratory examinations obtained within 1 day of the date
corresponding to the first chest CT scan at the time of admission to the hospital. The first Total CT Severity Score
values were obtained from patients on recurrent days. In some patients, 1 score was obtained from some patients,
2 from some patients, and 3 from some patients. It is desired to investigate whether these scores change the scores
in patients with and without hepatosteatosis.

Materials and Methods

For this reason, mixed analysis was used in the analysis. In the data obtained from repeated score measurements,
as a result of the inability to obtain 2nd and 3rd score values from some patients, missing (lost) valuable data
occurred. If we do this analysis with the GLM method, 348 patients with missing values out of 440 will be excluded
from the analysis and the analysis will continue with 92 patients. In this case, many data will be excluded from the
analysis. To deal with this data. In other words, MIXED model analysis was used to include patients with missing
data in the analysis. The mean age of our patients in the study was found to be 60+£12.08. 60% of the patients are
male and 40% are female. 10% of the patients were treated as outpatients, 90% were treated as inpatients.

CT score value was found as 16 threshold by ROC analysis. The hospital stay was found to be 26 (95% Cl, 21.42-
30.33) in patients with a CT score of > 16, and 22 days (95% Cl, 17.43-26.75) in patients with a CT score of < 16.
The length of stay in hospital for patients with hepatosteatosis was 29(95% Cl, 23-34) The length of stay in hospital
for patients without hepatosteatosis was 24((95% CI-19-28) (patients with CT score >16 compared to patients with
CT score <16) It is approximately 2 times more mortal, and those with hepatosteatosis are approximately 2 times
more mortal than those without.

Discussion and Conclusions

As a result of the MIXED analysis performed to see the change of hepatosteatosis on the CT score value, we can
state that hepatosteatosis is significant on the CT score (p=0.0052) and this change increases over time in the 2nd
and 3rd score values. As a result, we can say that the CT scores of patients with hepatosteatosis with COVID 19
started to increase rapidly in the following days, especially after the 7th day.

Keywords: Repeated Measures, COVID 19, Hepatosteatosis, CT Severity Score Values
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Abstract

Objective: Objective: American Cancer Society reports that about 1 in every 8 men experiences prostate cancer
diagnosis in his lifetime and 1 in every 41 men dies of prostate cancer on average. Common risk factors for prostate
cancer are age, race, geographic location, and genetic factors. The causality of other factors such as dietary habits,
overweight and obesity, smoking and chemical exposure are not clear and therefore, there is still unmet knowledge
gap requiring further investigations in a spatial and temporal manner. We carried out such a study to explore the
association of meteorological and air-quality markers, fruit and vegetable consumption and drinking water source
trajectories with prostate cancer deaths in spatial models. Material and Method: Province-level data on prostate
cancer deaths, meteorological markers such as such as air-pressure, humidity, temperature, etc, air-quality markers,
namely, particular matter 10 and 2.5 (PM1o, PM2 ), sulfur-dioxide (SO.), carbon-monoxide (CO), nitrogen-dioxide
(NOy), and ozone (O3), drinking water source data from rivers, dams, wells, and springs as well as fruits and
vegetables sales data were obtained for 81 provinces of Turkey for Years 2018 and 2019. Mixed modelling
approach taking into consideration the spatial autocorrelation was used to investigate the associations of prostate
cancer deaths with these environmental and food consumption variables. Results: These models revealed
increased prostate cancer deaths with increased humidity, number of rainy days, and mean temperature. Similarly,
provinces with higher concentration of CO, NO; and Os reported higher Prostate Cancer deaths, while provinces

102


mailto:mehmetkocak@medipol.edu.tr
https://www.scopus.com/redirect.uri?url=http://www.orcid.org/0000-0002-3386-1734&authorId=56482890500&origin=AuthorProfile&orcId=0000-0002-3386-1734&category=orcidLink

XXI. Ulusal ve IV. Uluslararasi Biyoistatistik Kongresi Kisa SozIu Bildiriler
XXI. National and IV. International Biostatistics Congress Short Oral Presentations
28-30 Ekim 2021 — Cevrim ici / Online

having higher values of PMyo reported lower number of prostate cancer deaths. Finally, Provinces with higher
consumption of beans, dill, grape, lemon, purslane, and strawberry reported lower prostate cancer deaths. When
considered in a multivariable model, only humidity retained its significance. Conclusion: As a conclusion,
although several air-quality and dietary consumption variables showed univariable significance in relation with
prostate cancer deaths, only average humidity in a given locality seems to be significantly associated with prostate
cancer deaths.

Keywords: prostate cancer deaths, meteorological markers, air quality markers, drinking water sources, fruit
consumption, vegetable consumption

Introduction

American Cancer Society reports that about 1 in every 8 men experiences prostate cancer diagnosis in his lifetime
and 1 in every 41 men dies of prostate cancer on average. Globally, prostate cancer is the most commonly
diagnosed cancer among men with approximately 1.6 million cases in 2015[1]. International Agency for Research
on Cancer reported in 2018 that “with an estimated 1,276 000 new cancer cases and 359 000 deaths in 2018, it
[prostate cancer] is the second most frequently diagnosed cancer among men and the sixth leading cause of cancer
death among men worldwide.”[2] The institute also projects that such figures will double by year 2040 with new
prostate cancer diagnosis of 2,300,000 new cases and 740,000 prostate cancer deaths, solely due to growing and
aging world population.[2] Prostate cancer is especially common in developed countries partially due to advanced
diagnosis techniques being more readily available. Prostate cancer screening is almost routine in developed
countries which leads to higher reported incidences.[3] Luo et al. look at the association between socio-
demographic index (SDI) and prostate cancer incidence and deaths in spatial models and report that there exist
significant spatial autocorrelation for the incidence of and deaths due to prostate cancer, and the incidence is
significantly higher in countries with higher SDI while the deaths are significantly lower.[4] This means that higher
SDI counties detect prostate cancer earlier and provide better management for its treatment.

Along the same lines, the prostate cancer rate in Western countries is 10-15 times higher than in Asian countries,
and most of the prostate cancer-related deaths occur in developed countries; however, in the last decade, Prostate
cancer and related mortality in Southeast Asia has increased as this region gradually adopts a western lifestyle,
including sedentary habits and a high-fat diet [5]. Advanced age, black race, and family history are well-known
risk factors for prostate cancer [6]. In addition, various environmental risk factors such as diet, lifestyle, obesity,
metabolic syndrome, sexual behaviors and infections have been reported as associated with prostate cancer [7,8].

While research in the literature regarding the impact of environmental factors on prostate cancer etiology is
expanding, there is still a large knowledge gap in the spatial and temporal investigation of environmental factors.
A part of the issue is the lack of granular data on the time (temporality) and location (spatiality) domain. As nicely
illustrated by Luo et al., spatial analysis approach has started to be used frequently in studies where parameters or
variables are thought to be geographically related to each other.[4] These spatial models aim to explain the
interaction, structure and processes of the spatial data and to identify their possible relations with other spatial
events.[9] Spatial analysis is inspired by the theory that “everything is related to everything else, things that are
close are more related than things that are far away” [10].

To help meet this unmet knowledge gap, the primary objective of this paper is to explore the potential associations
between various environmental and dietary factors and deaths due to prostate cancer in Turkey in a spatiotemporal
manner.

Materials and Methods

The primary outcome variable of this study is the provincial death rates due to prostate cancer. The death rate data
were provided for Years 2018 and 2019 by the Turkish Statistics Institute. The environmental and food
consumption dimensions of our data include four main sets of variables requested from the Ministry of Agriculture
and Forestry, General Directorate of Meteorological Services: Meteorologic markers (air pressure, humidity),
predicted and manual counts of rainy days, temperature (maximum, average, and minimum), and wind speed. The
next set of variables are the air-quality markers including Particular Matter 10 and 2.5 (PM1o and PM3s), sulfur
dioxide (SOy), Carbon Monoxide (CO), Nitrogen Monoxide (NO), Nitrogen Dioxide (NO2) as well as NOx, and
Ozone (03), and they were manually extracted from the periodic Environmental Impact Evaluation (EIE) reports
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generated by the Turkish Ministry of Environment and Urbanization for each of the 81 provinces of Turkey for
years 2017-2019. The next dimension of our predictors included local fruit and vegetable sales in local markets
within each of the 81 provinces covering 45 different fruits or vegetables, provided by the Turkish Ministry of
Commerce for Years 2018-2020. The last set of variables included the amount of drinking water per capita coming
from streams, dams, lakes, ponds, springs, and wells. This data was also manually extracted for each of the 81
provinces from the periodic Environmental Impact Evaluation (EIE) reports generated by the Turkish Ministry of
Environment and Urbanization for each state on an annual basis between years 2000-2018, and provinces were
categorized based on usage trajectories over the years.

The provincial Prostate cancer’s data and predictors from the four dimensions mentioned above were merged by
province and year identifiers. Food consumption and drinking water source markers were normalized by the
population size of each province for each year appropriately leading to per capita consumption expression such as
‘average consumption in kg per person per year’. The air-quality and meteorologic markers were expressed as
annual averages within each province. Representative maps of different data dimensions have been provided in
Figure-1 and Figure-2.

Average Humidity ——42-46 0 46-54 ©m==54-62 mm62-70 mmm70-78 mmm78-82

Figure 1. Average Air Humidity

2018 Prostate Cancer Deaths (per 100,000) ——o0-1 =1-3 ==3-5 2019 Prostate Cancer Deaths (per 100,000) —=o0-1 =31-3 ==3-5
==5-7 -7-9 - 9-11 E==5-7 m=7-9 Y- 11
- 11-13 1314 m 11-13 1314

Figure 2. Deaths due to Prostate cancer per 100,000 population for Year-2018 and Year-2019.

As the provincial Prostate cancer deaths per 100,000 population is of spatial nature, we tested for the spatial
autocorrelation for each of the 9 timepoints; the outcome data was obtained using Moran’s I statistic [11]. For each
time point, spatial autocorrelation was highly significant (p<0.0001) as seen in Table-1.
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Year |Coefficient Observed| Expected| Std Dev Z| Pr>|Z|
Year |Moran's | 0.084 -0.013]  0.0157| 6.18| <.0001
Geary'sc 0.858 1.000{ 0.0284| -5.00] <.0001
Year |Moran's | 0.111 -0.0128|  0.0157| 7.94] <.0001
Geary'sc 0.817 1.0000{ 0.0275| -6.65| <.0001

This significant spatial autocorrelation was controlled for via mixed models with spatial-power covariance
SP(LIN) structure using the central latitude and longitude values of each province. We used MIXED procedure in
SAS Version 9.4 (®, Cary, North Caroline, USA).

All of the predictors were continuous variables in their original form. However, we have also obtained ordinal
versions of these markers by representing them as quartiles (or tertiles); thus, under these definitions, each province
fell under one of the four (or three under the tertile definition), categories representing low-exposure or
consumption, intermediate-exposure or consumption, or high-exposure or consumption, etc. This approach
potentially helped to eliminate the impact of potential outliers in predictors and help with interpretations of the
modeling results. An example of such signatures is shown for Oz in Figure-3.
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Figure 3. Quartiles of Ozone (O3)

In addition to the above ‘quartile’ or ‘tertile’ approach, whenever there is sufficient longitudinal data, we built
trajectories for a given marker using the TRAJ procedure developed for SAS by Jones and Nagin [12]. This
approach was feasible for PM1g, SO2, NO2, O3 and PM_ for the air quality markers, for all fruit and vegetable
consumption variables using the data from Years 2018-2020, and for the drinking water source, namely, Dam,
Spring, Well, and River. We present an example of such trajectories in Figure 4.
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Trajectory-1: Stable PM-10 Trajectory-2: Decreasing PM-10
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Figure 4. Change trajectories based on annual averages of PM-10 Concentrations

Overall, the list of the predictors included 8 meteorologic markers, 6 air-quality markers, 4 drinking water source
profiles, and 45 fruit and vegetable consumption markers including the total fruit and vegetable consumption.
Having a large number of predictors, we used the Benjamini-Hochberg False Discovery Rate (FDR) approach [13]
to control the familywise error rate within each phase of our model-building approach. To build our models, we
started our variable selection approach with the meteorologic markers first. Once significant meteorological
markers were identified in univariable models, we tested for the joint significance of these markers and reduced
the final set of significant variables as indicated by these multivariable models. We then expanded these
multivariable models to include air-quality markers first, then food consumption markers and drinking-water-
source profiles. In identifying significant markers, we looked for consistent significance for both Year-2018 and
Year-2019, which were modelled independently.

Results

In the first phase of our variable selection approach, we showed that number of rainy days, air pressure and
humidity showed somewhat consistent evidence of association with prostate cancer deaths (Table 2, Figure-5),
suggesting that provinces with higher concentrations of these meteorological markers reported relatively higher
number of prostate cancer deaths.
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Table 2. Univariable model estimates with Meteorological Markers
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Raw FDR-adjusted Raw FDR-adjusted

Estimate | P-value P-value Estimate | P-value P-value

Predictor (2018) (2018) (2018) (2019) (2019) (2019)
Mean Air Pressure 0.01 0.089 0.14 0.00 0.3 0.34
Mean Humidity 0.13| <0.0001 <0.0001 0.12| <0.0001 <0.0001
Mean No. of Rainy Days (Manual) 0.04| <0.0001 0.001 0.04| <0.0001 0.001
Mean No. of Rainy Days (Model-based) 0.02 0.013 0.034 0.02 0.024 0.047
Maximum Temperature -0.07 0.47 0.54 -0.13 0.18 0.23
Mean Temperature -0.16 0.052 0.10 -0.23 0.006 0.015
Minimum Temperature -0.07 0.21 0.28 -0.10 0.09 0.14
Mean Windspeed 0.08 0.86 0.86 -0.11 0.81 0.81

# of Rainy Days (Manual) # of Rainy Days (Model) Maximum Temperature

0.8
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Figure 5. Distribution of FDR-corrected P-values for Meteorological markers

2019

Close evaluation of these markers revealed that only humidity retained its significance in a multivariable model;
therefore, humidity will be kept as a primary predictor in multivariable models air quality and food consumption

markers.

CO, NOy, O3, and PMjyo quartiles were also found to be univariably significantly associated with prostate cancer
deaths (Table 3, Figure 6); this funding indicates that provinces with higher concentrations of these air-markers
experienced higher levels of Prostate cancer’s deaths except that this association was reversed counterintuitively

for PMlo.
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Table 3. Univariable model estimates with Air-Quality Markers

FDR-adjusted FDR-adjusted
Estimate| Raw P-value P-value Estimate|Raw P-value P-value
Predictor (2018) (2018) (2018) (2019) (2019) (2019)
CO quartiles 0.47 0.022 0.043 0.47 0.02 0.039
NO: quartiles 0.71 0.001 0.008 0.8 <0.0001 0.001
O3 quartiles 0.56 0.009 0.028 0.78 <0.0001 0.001
PMjo quartiles -0.52 0.029 0.043 -0.5 0.033 0.049
PM_s quartiles -0.27 0.28 0.33 -0.15 0.56 0.67
SO, quartiles 0.14 0.55 0.55 -0.05 0.84 0.84
CO Quartiles NO2 Quartiles 03 Quartiles
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Figure 6. Distribution of FDR-corrected P-values for Air-quality markers

When considered together in the same model with Average Humidity, these markers lost their significance
(Supplementary Figure-1).

In univariable spatial models, the consumption of beans, dill, grape, lemon, purslane, and strawberry consumption
showed some evidence of significance (Table 4). The provinces that have relatively higher consumption of these
fruits and vegetables reported higher number of prostate cancer deaths on average. The rest of the fruit and
vegetable markers were presented in Supplementary Figure-2.
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Table 4. Food consumption markers showing suggestive significance univariable

Raw FDR-adjusted Raw FDR-adjusted
Estimate | P-value P-value Estimate | P-value P-value
Predictor (2018) | (2018) (2018) (2019) (2019) (2019)
Beans (kg) 0.70 0.003 0.063 0.80| <0.0001 0.011
Dill (Bunch) 0.82| <0.0001 0.019 0.80| <0.0001 0.011
Grape (kg) 0.64 0.005 0.063 0.72 0.001 0.017
Univariable
Lemon (kg) 0.59 0.011 0.085 0.69 0.002 0.023
Purslane (kg) 0.61 0.01 0.085 0.53 0.022 0.095
Strawberry (kg) 0.66 0.005 0.063 0.75 0.001 0.015
Beans (kg) 0.17 0.49 0.93 0.36 0.16 0.88
Dill (Bunch) 0.34 0.17 0.93 0.37 0.14 0.88
Controlling for|Grape (kg) 0.16 0.51 0.93 0.32 0.19 0.88
Average
Humidity|Lemon (kg) 0.23 0.31 0.93 0.37 0.10 0.88
Purslane (kg) 0.22 0.34 0.93 0.14 0.56 0.88
Strawberry (kg) 0.04 0.88 0.98 0.26 0.33 0.88

Controlling for Humidity, none of these markers remained significant in bivariable models (Lower half of Table
4). Similarly, none of the drinking-water-source markers were found to be consistently significantly associated
with Prostate cancer deaths (Supplementary Figure-3).

Discussion

In this study, we have investigated the association of meteorological, air-quality, and fruit and vegetable
consumption variables with deaths due to prostate cancer. We have worked with different ‘signatures’ of these
markers, namely, overall province-level crude averages over time, change trajectories, quartiles, tertiles, and
median-dichotomization. One immediate advantage of some of these approaches was to reduce the potential
impact of outliers in a given predictor on model results, thus leading to more robust and consistent findings over
the two years we analyzed, namely Years 2018 and 2019.

Our outcome variable was based on annual counts of prostate cancer deaths in each of the 81 provinces in Turkey.
In such spatial data, the first step of analyses is to check the existence of spatial autocorrelation. At this step, we
showed that provincial annual prostate cancer deaths per 100,000 population expressed strong spatial
autocorrelation among the provinces in both years, which is visible in Figure-2 as provinces with high and low
prostate cancer death rates were clustered together on the map. We addressed this spatial autocorrelation using the
central longitudes and latitudes of each province (i.e., centroids) in the MIXED procedure in SAS using the
REPEATED statement. Contrary to the ordinary least-squares regression models, these models assume correlated
errors; that is, spatial autocorrelation is designed to be part of the model errors.

We constructed independent models for Year-2018 and Year-2019 to assess the consistency of the results at least
across two consecutive years and reported only the markers that show consistent significance in both years, which
represents the indirect temporal component of our analyses. Working with a large number of potential predictors,
it is expected to have one spurious finding in every 20 tests on average at Type-1 error rate of 0.05; this necessitates
that we recognize and correct this multiplicity issue in our analytic approach; we employed Benjamini-Hochberg
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False Discovery Rate (BH-FDR) to control the Familywise Error as much as we can. We also strived to stay away
from any claim of causality in our findings and focused more on ‘correlation’ instead of ‘causation’; therefore, our
findings must be considered as potential hypotheses to be investigated further in future prospective trials.

One of the main findings from our analyses is the negative association of humidity with deaths due to prostate
cancer. Provinces with higher concentration of humidity reported higher numbers of prostate cancer deaths per
capita. The only similar study we were able to find was the research by JI and MP [14]. They showed that regions
with higher Martonne Aridity Index, which is based on rain fall and temperature, report higher number of prostate
cancer deaths. St-Hilaire et al. [15] suggest that “prostate cancer may be partially correlated with meteorological
factors. The patterns observed were consistent with what we would expect given the effects of climate on the
deposition, absorption, and degradation of persistent organic pollutants including pesticides. Some of these
pollutants are known endocrine disruptors and have been associated with prostate cancer.”

Controlling for average humidity, none of the other air-quality and food consumption markers remained
significance although several markers were univariably significant. As we stayed away from any claim of
causality, we aimed to provide suggestive evidence for more targeted prospective studies; therefore, we provided
the univariable associations as well. In reality, the significant association we have illustrated for humidity may be
due to a totally different mechanism, for example, based on a mixture of temperature and air-quality profile, even
food consumptions. Such comprehensive models are needed to tease out the mechanism of combined and
synergistic associations with more granular data.

Our study has several weaknesses to mention. Ideally, Prostate cancer diagnosis data would be needed for our
intended analyses, but we were able to gain access only to the Prostate cancer deaths data. We were also given
access to data only for Years 2018 and 2019, and ideally, longer term data would provide a much stronger statistical
power. Beyond the weak time-depth of our data, our data does not have the ideal geographical depth, either, as we
have data at provincial level from 81 provinces of Turkey. This limits our sample size to n=81 and thus limits the
statistical power of our models. Therefore, in our multivariable approach, we had to be careful in model
construction in a step-by-step manner. The second most important weakness of our data is that our food
consumption markers are actually local sales data, which are used as surrogate markers for dietary consumption.
Eyles et al. [16] showed significant correlation between the market sales data with actual household nutritional
intake. Therefore, we still believe that the local market sales data can be reasonable surrogates when individual or
household level consumption data are not available. However, we still lack in our data sources in terms of some
critical food types such as meat, dairy, and flour-based items. The ideal study design to investigate the association
between fruit and vegetable consumption would require granular data including individual level of disease follow-
up and individual level of food consumption profiles; however, such data is close to impossible to obtain in a large
spatial spectrum like ours and therefore, we were limited by representing each province by a signature of fruit and
vegetable consumption using the sales data as surrogates as well as air quality markers with an average behavior
over few years. Individual level food-frequency data would be ideal for such analyses. The dietary consumption
dimension of our data does not contain many food items such as consumption of other fruits and vegetables, meat,
poultry, and fish and their derivatives, as well as dairy products and flour-based products such as bread, pastries,
desserts, etc. We were also not able to access provincial water quality data; however, we were able to extract
drinking-water source data for each province and used this to represent the water-quality dimension perhaps in a
limited manner. We continue working on expanding our data dimensions to increase the depth and breadth of our
potential markers.

Conclusion

We conclude that there exists a significant spatial autocorrelation in prostate cancer deaths data and statistical
models accounting for such correlations reveal that provinces with higher humidity report higher levels of prostate
cancer deaths. More comprehensive prospective studies targeting more granular data, ideally at the individual
level, are needed to describe the mechanism of action between environmental factors and prostate cancer diagnosis
and deaths.
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SUPPLEMENTARY MATERIALS

FOR Corrected P-values

Supplementary Figure 1. Significance of Air-Quality Markers controlling for Average Humidity.

FDR Corrected P-values

Supplementary Figure 2. Univariable Significance of Fruit and Vegetable Consumption Markers
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KS4

Avrupa Birligi Uye Ulkeleri ve Aday Ulke Tiirkiye’nin Saghk Gostergeleri Bakimindan Cok Degiskenli
Istatistiksel Yontemlerle Analiz Edilmesi

Aml TUZCU?, Cengiz BAL!?

Eskisehir Osmangazi Universitesi Tip Fakiiltesi, Biyoistatistik Anabilim Dali, Eskigehir

Giris: Sosyo-ekonomik gostergelerden biri olan saglik hizmetleri, tilkelerin gelismislik diizeylerini belirlemek igin
kullanilan 6nemli bir kriterdir. Bu arastirmada Tiirkiye’nin saglik degiskenlerinin, Avrupa Birligi’ne (AB) iiye
iilkeler ile karsilastirilmast ve konumunun belirlenmesi amaglanmustir.

Yontem: Tiirkiye’'nin AB’ye katilim siirecinde saglik degiskenleri bakimindan siralama ve kiimelemenin
yapilmasinin saglik planlayicilarina faydali olacagi disiiniilmiistiir. Bu ¢alismada, Tiirkiye ve AB’ye iiye 27
iilkenin saglik hizmetlerinin gelismislik diizeylerini belirmek amaciyla uluslararasi kurulug ve yaymlarin veri
tabanlarindan elde edilmis giincel 17 saglik degiskeni, ¢cok degiskenli istatistiksel analizlerde kullanilmustir.
Degiskenlerin bagimlilik yapisini gidermek igin temel bilesenler analizi, elde edilen faktor skorlarina gore
karsilagtirmak igin faktor analizi ve elde edilen skorlar ile iilkeleri kiimelere ayirmak igin kiimeleme analizi
kullanilmustir. Belirlenen saglik degiskenleri, Diinya Saglik Orgiitii (DSO) tarafindan tanimlanmis kiiresel saglik
gozlemevi basgligr altinda yer alan saglik degiskenlerinden secilmistir. Arastirmada tercih edilen her bir saglik
degiskeni giincel verilerden (2017-2020 yillar1) elde edilmistir. Bu galismadaki, verilerin elde edilmesinde DSO,
Avrupa Istatistik Ofisi (Eurostat), Ekonomik Kalkinma ve Is Birligi Orgiitii (OECD), Diinya Bankas1 (The World
Bank) ve T.C. Saglik Bakanlig1 Saghk Istatistik Y1llig1 veri tabanlarindan yararlamlmistir.

Bulgular: Ulkelerin gelismislik diizeylerini belirlemek igin analizde kullamilacak 28 iilkeye ait 17 saglik
degiskeninden dort tane temel bilesenin 6z degeri birden biiyiik oldugu anlasildigindan dort faktore indirgenmistir.
Bu bilesenler, toplam agiklanan varyans oranmin %82,227’sini agiklamaktadir. Faktdr grubun daha iyi
yorumlanabilmesi i¢in ortogonal dondiirme yontemlerinden varimax yontemi kullanilmisgtir.

Birinci faktor bes degiskenden (Bebek Oliim Orani, Bes Yas Alt1 Oliim Orani, Yeni Dogan Oliim Hizi, Olii Dogum
Orani ve Ergen Dogurganlik Oran1), ikinci faktor alt: degiskenden (Kaba Oliim Orani, Hastane Yataklari, Toplam
Yasam Beklentisi, Yillik Niifus Artis Orani, Yetiskin Oliim Oran1 ve Dogusta Beklenen Yasam Siiresi), iiciincii
faktor ii¢ degiskenden (Tiiberkiiloz Insidansi, Tiiberkiiloza Bagli Oliim Oran1 ve Anne Oliim Orani), dérdiincii
faktor ti¢ degiskenden (Toplam Saglik Harcamalari, Hemsire Personeli ve Kentsel Niifus Orani) olusmustur.

Kiimeleme analizi ile homojen {ilke smiflandirilmast amaglanmigtir. Hiyerarsik olmayan kiimeleme
ontemlerinden K-ortalamalar kiimeleme yontemi yardimiyla {i¢ kiimeye ayrilarak, {i¢ grup olusturulmustur.

<

Bebek Oliim Orani

Dogusta Beklenen Yasam Siiresi
Ergen Dogurganlik Orani
Hastane Yataklar1

Kaba Oliim Orani

Kentsel Niifus Orani

Toplam Yasam Beklentisi

Yeni Dogan Oliim Hiz

Yetiskin Oliim Orani (15-60 Yas)
Yillik Niifus Artig Orani (%)

Bes Yas Alt1 Oliim Oram

Tiiberkiiloza Baglh Oliim Oran1 (HIV-)
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Tiiberkiiloz Insidans:

Olii Dogum Oram

Anne Oliim Orant

_ Toplam Saglik Harcamalar1 (GSYIH)

Sonug¢: Caligmada kullanilan saglik degiskenlerine uygulanan analiz yontemlerinden elde edilen sonuglar; birinci,
ikinci ve dordiincii faktérde Tiirkiye’nin iiye iilkelere yakin olan degiskenleri olsa da heniiz Avrupa Birligi iiye
iilkeleri seviyesine ulasamadigim gostermistir. Uciincii faktorde elde edilen sonuclara gore uygulanan cok
degiskenli istatistiksel yontemler ile Tiirkiye’nin birgok iilkeden daha iyi seviyede oldugu ve bu faktor ile AB
seviyesini yakaladig1 ortaya konmustur. Uciincii faktorde yer alan saglik degiskenleri acisindan, Tiirkiye’nin
gelismis AB iiye iilkeler seviyesinde oldugu goriilmektedir. Birinci, ikinci ve dordiincii faktorde yer almakta olan
saglik degiskenleri bakimindan, iilke olarak bu degiskenler {izerinde durulmali ve degiskenlerin oran1 gelismis
tilkelerin seviyesine ¢ekilmelidir.
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KS5
Gozlemsel Calismalarda Yapilan Meta-Analiz Calismalarinin Raporlanmasi

MOOSE (Meta-analysis of Observational Studies in Epidemiology) Kontrol Listesinin Tiirkce’ye
Uyarlanmasi

Arzu Baygiil Eden?, Neslihan Gékmen Inan?

1Ko¢ Universitesi Tip Fakiiltesi, Biyoistatistik Béliimii, Istanbul
2fstanbul Teknik Universitesi, Temel Bilimler, Istanbul

OZET
Amacg

Meta analizler kanita dayali tip alaninda giicti en yiiksek calismalar olarak belirlenmistir. Gézlemsel ¢aligmalar
gercek hayata en yakin veriyi sunan, bir tedaviyi ya da hastaligi kendi dogasinda gozlemlemeyi saglayan
calismalardir. Gozlemsel calismalarin meta analizinin raporlanmasinda randomize kontrollii ¢alismalarda oldugu
gibi bir rehber ya da bir kontrol listesi tizerinden gidilmesi bilimsel ve standart bir yaklagim olacaktir. Bu amacla
1997 yilinda Atlanta’da gozlemsel calismalari raporlama konusunun calisildigi bir caligtay diizenlenmis ve
MOOSE (Meta-analysis of observational studies) (Meta-analysis of observational studies in epidemiology: The
MOOSE (Meta-analysis of Observational Studies in Epidemiology) statement (JAMA 2000;283:2008-2012).
raporlama kontrol listesi olusturulmustur. Bu ¢alisgma MOOSE’da belirtilen kriterlerin dilimize kazandirilmasi ve
arastiricilar tarafindan daha etkin bir sekilde kullanilarak gozlemsel ¢alismalarin meta analizinin daha saglikli
sekilde yiriitiilmesini amaglamaktadir.

Gere¢ ve Yontemler

MOOSE kontrol listesi alaninda uzman iki arastirici tarafindan birbirine kor olarak Tiirk¢e’ye terciime edilmistir.
Arastiricilar bir araya gelerek ¢evrilen dokiimanlart inceleyerek ortak bir dil {izerinde karar vermistir. Uzman bir
cevirmen tarafindan yapilan ters ceviri islemiyle Tiirkge’ye cevrilmis olan MOOSE ile tekrar Ingilizce’ye
cevrilmis orijinal Ingilizce versiyon arasindaki farkhiliklar incelenmistir. Kontrol listesinin Tiirkce olarak
kullanilabilirligini arastirmak amaciyla secilen ve Tiirkiye verileri {izerinde ¢aligilmig 10 gézlemsel meta analiz
calismasi makalesi 2 arastirici tarafindan MOOSE kontrol listesi kullanilarak, her bir madde agisindan
puanlanmistir. Maddenin gergeklesmesi durumunda “1”” puan verilmistir. Arastiricilar arast uyum incelenmistir.

Ayrica makalelerin toplam puanlart hesaplanmis, her iki degerlendiricinin her bir maddeye verdigi puanlar arasi
uyum Cronbach Alpha katsayisiyla incelenmistir.

Bulgular

Her bir maddede degerlendiriciler arasi uyum oldukea iyi diizeyde ¢ikmistir (Uyum orani 0,80-1,00).
Toplam puanlar arasinda yiiksek diizeyde uyum oldugu goriilmistiir. (Cronbach Alpha Katsayist 0,939)
Sonug¢

MOOSE kontrol listesinin Tiirk¢e versiyonu Tiirk aragtirmacilar tarafindan gézlemsel ¢aligmalar i¢in uygulanan
meta analizlerde kullanilabilecek uygun bir aragtir.

Anahtar Sozciikler: MOOSE, Go6zlemsel ¢alisma, Meta analiz, Kontrol listesi
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Orneklemin Evrendeki Oram ile Giiven Arahgi Genisliginin Uyumsuzlugu
Mehmet Giiven GUNVER?, Aydan MALCOK*, Ugurcan SAYILI?®, Mine SEZGIN®®, Hatice Sena ONER*,
Sevda OZEL YILDIZ!, Basak GURTEKIN?, Eray YURTSEVEN?!

! [stanbul Universitesi, Istanbul Tip Fakiiltesi, Biyoistatistik ve Tip Bilisimi Anabilim Dali, Istanbul, Tiirkiye
2 Karakoprii Ilce Saglik Miidiirliigii, Sanhurfa, Tirkiye
8 Istanbul Universitesi, Istanbul Tip Fakiiltesi, Noroloji Anabilim Dal, Istanbul, Tiirkiye
4 Istanbul Universitesi, Saglik Bilimleri Enstitiisii, Biyoistatistik ve Tip Bilisimi Doktora Programi, Istanbul,
Tiirkiye

Giris: Bu ¢alismanin amaci, 6rneklemin evreni temsil orani ile gliven aralifinin genisligi arasindaki iliskiyi
degerlendirmektir.

Nt2x?2

Yoéntem: Orneklem biiyiikliiklerini belirlemek amaciyla siirekli veriler i¢in n = Fo-Dioe

ve oransal veri i¢in

__ N
S2(N-1)+t2(pq)

sapma, p: incelenen olayin goriilme siklig; q:incelenen olayin goriilmeme sikligy; t: Belirli serbestlik

formiilii kullanildi. N:popiilasyon biiyiikliigii; n:6rneklem biiyiikliigi; x: ortalama; S:Standart

derecesinde ve saptanan yanilma diizeyinde t tablo-sundan bulunan teorik degeri ifade etmektedir. st(e) = \/%

ve st(e) = (p% formiilii ile hesaplandi. St(e), standart hatay1 ifade etmektedir. Giiven araliklar1 x+zap*st(e)

olarak belirlendi. Orneklem biiyiikliigiinii belirlemek amaciyla literatiirden 6rnek ¢aligmalar kullamldi. Orneklem
ve giiven aralig1 hesabinda kullanilan veriler; siirekli degisken i¢in: x+S=138,4+19,45; x+S=138,4£19,45;
oransal veri i¢in p:%18, d:0,02. Istatistiksel analizler Microsoft Office Excel 2016 ile yapild.

Bulgular: Ortalamasi 138,4 standart sapmasi 19,45 olan siirekli veri i¢in degerlendirildiginde n/N orani 16.3%
iken Cl: 135,41-141,39; n/N oram 6,1% iken CI: 135,59-141,22 olarak giderek daralmakta ve n/N: 0,195% iken
Cl: 135,67-141,13 olmaktadir. Orneklem biiyiikliigii 100.000’in {izerine ¢iktiginda giiven araligi artmadigi;
Orneklem biiytikligii 8.500.000.000 oldugunda bile n/N oram 0,0000023% iken CI: 135,67-141,13 olarak en dar
halinde kalmaktadir. Ortalamay1 sabit tutup standart sapmayi 2 olarak belirledigimizde n/N oran1 %94,9 iken CI:
138,27-138,53; n/N oram1 86% iken CI: 138,32-138,48 olarak giderek daralmaktadir. Ortalamay1 sabit tutup
standart sapmay1 50 olarak aldigimizda ise n/N orani 2,9% oldugunda da 0,00003% oldugunda da CI: 120,20-
156,60 olarak hesaplanmis ve tiim degerler i¢in ayni1 giiven araligi elde edilmistir.

P=0,18 d=0,02 olan oransal veri i¢in degerlendirildiginde evren biiyiikligii 1000 iken n/N:59,20% olup CI:
%15,37-%21,63; evren bilyiikligii 10.000 iken n/N: 12,65%’e azalmasina ragmen CI: %16,36-%20,64 daraldig
goriildii. Evren bityiikligi 1.000.000 iken n/N:0,1446% olup Cl: %16,50-%20,50; evren biiyiikligii 1.000.000 un
iizerine ¢iktiginda ise n/N diismesine ragmen CI sabit kaldig1 goriildii. P=0,40 d=0,02 olan oransal veri i¢in n/N
oran1 69,8% CI: %38,22-%41,78; n/N oran1 0,23% CI: %39,02-%40,98 olarak hesaplanmis ve n/N orant
azalmasina ragmen CI sabit kalmigtir. P=0,4 d=0,2 olan veri i¢in n/N oran1 2,6% CI: %35,29-%44,71; n/N orant
0,90% CI: %35,68-%44,62 olarak hesaplanmistir. n/N orani azalmasina ragmen CI sabit kalmustir.

Sonug: Evren biyiikliigiiniin agir1 artmasina ragmen 6rneklem biyiikliigii gorece daha az bir artig géstermekte
ve evren biyiikliigi artarken n/N orani giderek azalmaktadir. Giiven araligi formiilii hesabinda evren biiytikligii
olmamasina bagli olarak 6rneklem biiylikligii asir1 artarken n/N azalmasina ragmen giiven araligi genisligi
daralmaktadir. Giiven aralig1 formiiliine evren veya drneklemin evren temsiliyeti boyutu olmamasi yaniltici
sonuglara yol agabilir. Bu konuda yapilacak ileri ¢aligmalara ihtiyag vardir.

Anahtar Sézciikler: Giiven Araligi, Orneklem Biiyiikliigii, Popiilasyon
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N n n/N result %95 ClI

1000 163 16,30% 1384 135,41-141,39
3000 183 6,10% 138,4 135,59-141,22
5000 188 3,76% 138,4 135,62-141,18
10000 191 1,91% 138,4 135,64-141,16
100000 195 0,20% 138,4 135,67-141,13
1000000 195 0,02% 138,4 135,67-141,13
10000000 195 0,00% 138,4 135,67-141,13
8500000000 195 0,00% 138,4 135,67-141,13

Not: Ortalama

+ st sapma: 138,4+19,45

Kisa SozIU Bildiriler
Short Oral Presentations

N n n/N result %095 ClI

1000 949 94,90% 138,4 138,27-138,53

3000 2579 86,00% 138,4 138,32-138,48

5000 3931 78,60% 138,4 138,34-138,46

10000 6478 64,78% 138,4 138,35-138,45

100000 15538 15,54% 138,4 138,37-138,43

1000000 18063 1,81% 138,4 138,37-138,43

10000000 18363 0,18% 138,4 138,37-138,43

8500000000 18396 0,00% 138,4 138,37-138,43

Not: Ortalama =+ st sapma: 138,4+2

N n n/N result %95 CI

1000 29 2,90% 138,4 120,20-156,60

3000 29 0,97% 138,4 120,20-156,60

5000 29 0,58% 138,4 120,20-156,60

10000 29 0,29% 138,4 120,20-156,60

100000 29 0,03% 138,4 120,20-156,60

1000000 29 0,003% 138,4 120,20-156,60

10000000 29 0,0003% 138,4 120,20-156,60

8500000000 29 0,00% 138,4 120,20-156,60

Not: Ortalama =+ st sapma: 138,4+50

N n n/N result %95 ClI

1000 592 59,20% 18,50%  %15,37-%21,63
3000 977 32,57% 18,50%  %16,07-%20,93
5000 1123 22,46% 18,50%  %16,23-%20,77
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10000 1265 12,65% 18,50%  %16,36-%20,64
100000 1428 1,43% 18,50%  %16,49-%20,51
1000000 1446 0,14% 18,50%  %16,50-%20,50
10000000 1448 0,01% 18,50%  %16,50-%20,50
8500000000 1448 0,00% 18,50%  %16,50-%20,50
Not: p:%018, d:0,02

N n n/N result %95 ClI

1000 698 69,80% 40,00%  %38,22-%41,78
3000 1304 43,46% 40,00%  %38,70-%41,30
5000 1578 31,56% 40,00%  %38,82-%41,18
10000 1874 18,74% 40,00%  9%38,91-%41,09
100000 2254 2,25% 40,00%  %39,01-%40,99
1000000 2300 0,23% 40,00%  %39,02-%40,98
10000000 2305 0,02% 40,00%  %39,02%40,98
8500000000 2305 0,00% 40,00%  %39,02-%40,98
Not: p:%40, d:0,02

N n n/N result %95 ClI

1000 26 2,60% 40,00%  9%35,29-%44,71
3000 27 0,90% 40,00%  %35,38-%44,62
5000 27 0,54% 40,00%  %35,38-%44,62
10000 27 0,27% 40,00%  %35,38-%44,62
100000 27 0,03% 40,00%  %35,38-%44,62
1000000 27 0,003% 40,00%  %35,38-%44,62
10000000 27 0,0003% 40,00%  %35,38-%44,62
8500000000 27 0,0000003%  40,00%  %35,38-%44,62

Not: p:9040, d:0,2

(n/N=16,3%)

v

P
<«

(135,41 141,39)

(n/N=6,3%)

) Loy .
(135,59 141,22)

(n/N=3,76%)

< I | | | I >
(135,62 141,18)
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KS7
Comparison of Quantile Regression And Linear Regression Method: A Simulation Study
Didem Unal®, Giilhan Temel?

Turkish Red Crescent, Ankara,
2Mersin University Department of Biostatistics and Medical Informatics, Mersin

Introduction: Regression analysis, which is frequently used in health sciences, examines the relationship between
independent variable(s) and dependent variable. The Quantile Regression Method is a powerful regression analysis
method. The aim of this study is to compare the Quantile Regression Method in cases where there are outliers in
different sample sizes.

Method: A regression equation is established with the help of the relations between the variables and model
estimation is made with this established regression equation. There are multiple regression methods that can be
used for model estimation. In order to make the results reliable, it is necessary to choose the method that best fits
the model among these regression methods. The most commonly used regression method is the Least Squares
Method. In order to use OLS (Least Squares) method, some assumptions are needed in the data set. There are some
situations in which these assumptions cannot be met while performing the regression analysis. The most common
distortion of assumption is assumption of normality. When the assumption of normality could not be achieved, it
also often leads to the problem of varying variance. In such cases, data transformation techniques are generally
used. The Quantile Regression Method, which was developed as an alternative to the OLS method, which can be
done without using data transformation techniques, is a powerful regression analysis method, especially in cases
where distortion of assumptions that are frequently encountered in health data. The Quantile Regression Method
does not require any assumptions on the data and provides a strong estimation for both parametric and non-
parametric distributions compared to the OLS method. In other words, although the OLS method is sensitive to
some deviations in the data set, the QR method is not. In this study, the performances of OLS and QR (Quantile
Regression) methods were evaluated by generating outliers in different sample sizes. Simulation study;

Sample size n=30, 100 and 1000

' %5, %10 and %20 Outlier

' For OLS Method and QR tau=0.25, 0.50, 075

was made to be. First, the results were evaluated by making analyzes in the absence of outliers. Then, in the
presence of outliers, the results were re-evaluated, the performances of the OLS and QR methods were examined.

Results: In line with the criteria specified for the simulation study, quantile regression analyzes were performed
in the R Studio Package Program. In all analyzed sample sizes, the QR results were examined, and it was seen that
the R? explanation percentage in the model had the highest ratio for tau=0.75 in the datasets with 5% and 10%
outliers. In the datasets with 20% outliers, R? explanation percentage has the highest ratio for tau=0.25. In the case
where outlier observation is not assigned, it is seen that the R? explanation percentage has the highest ratio for
tau=0.75 when the sample size is 30 and 100.

Discussion and Conclusion: Instead of the OLS method, which deals with only the average of the data, it is more
reliable to use QR method, which also deals with the results based on the median and some quarterly measures of
the data in cases where the data obtained in many studies in the field of health do not fit with the assumption of
normality.

Keywords: Linear Regression Analysis, Quantile Regression, Minimum Absolute Deviation, Varying Variance,
Normality Assumptionf
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Determination of Effective Degrees of Freedom of Parameters in Box-Cox Cole Green (BCCG)
Distribution and Comparison of Model Performances Smoothed for Pediatric Growth Curves

Eda Cakmak!, Ergun Karaagaoglu?

'Baskent University Faculty of Health Science, Ankara
2Hacettepe University Faculty of Medicine, Department of Biostatistics, Ankara

Objective: Growth curves are one of the important indicators used for observing child's development, health and
nutritional status. In the growth stages of children anthropometric measurements generally show a skewed
distribution because the increase with age is not constant, and one of the most frequently used methods to remove
skewness is the LMS(Lambda, Mu, Sigma) method. It is very fundamental to determine the effective degrees of
freedom in order to obtain smooth curves in the LMS method. To that end, it is aimed to compare the model
performances calculated from smoothed curves at different effective degrees of freedom with the LMS method.

Methods: The LMS method is based on the BCCG(v, p, c) (Box-Cox Cole and Green) distribution. LMS method
is defined by three parameters, the L curve(v), the Box-Cox power transformation to convert the distribution to the
normal distribution, the M curve(p), the median value and the S curve (o), the coefficient of variation. In this
study, height and head circumference measurements in the "Dutch Boys" data set with "dbhh" package in R were
used. Data comprises the height measurements of 2601 boys with 0-5 age range and the head circumference
measurements of 2228 boys with 0-3 age range. Growth curves were constructed in RefCurv 0.4.2 program. LMS
values of height and head circumference measurements of children in a specific age range were calculated.
According to the BCCG distribution, model performances were compared with different effective degrees of
freedom in the penalized spline(P-spline) and cubic spline methods after smoothing the data of height and head
circumference. Global Deviance, AIC(Akaike's Information Criterion) and SBC(Schwarz Bayesian Criterion)
values were considered in the evaluation of model performances.

Results: Whereby smoothed height and head circumference data in the LMS method which models only the
skewness of the distribution, the effective degrees of freedom for the LMS curve were obtained as BCCG(2,8,4)
and BCCG(2,7,4) respectively. As regards these values, Global Deviance=12846.25 AIC=12886.25
SBC=13003.53; Global Deviance=12849.88 AIC=12889.88 SBC=13007.16 for penalized spline and cubic spline
in height data respectively, Global Deviance=8067.52 AlC=8105.52 SBC=8213.89; Global Deviance=8068.96
AIC=8106.96 SBC=8215.43 for penalized spline and cubic spline in head circumference data respectively were
calculated.

Conclusion: Model performances of height and head circumference growth curves were found to be quite close
to each other in the effective degrees of freedom calculated as a result of the penalized spline and cubic spline
smoothing method in the BCCG distribution. It is very important to choose the effective degree of freedom that
provides the best smoothing depending on the type and parameter of the distribution in the construction of the
growth curves.

Keywords: Growth curves, BCCG distribution, LMS method, P-spline, Cubic spline
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KS9

Istatistik ve Olasihk Dergilerinde Acik Erisim ve Abonelik Erisimli Dergiler: 1999-2018 dénemi icin
karsilastirmal bir inceleme

ilker ETIKAN
Yakin Dogu Universitesi Tip Fakiiltesi Biyoistatistik Anabilim Dali, Lefkosa/KKTC

Ozet

SCImago dergi indeksi, bir derginin kalitesinin 6lgiisiidiir. indeks, hangi dergilerin en ¢ok atif aldigini, hangi
dergilerin kalite ve bilimsel giivenilirligin bir gostergesi olarak kullanildigini belirtir. Bunu, her dergiye derginin
SCI Journal Rank (SCI Impact Factor) olarak bilinen bir numara vererek yapar; say1 ne kadar yiiksek olursa,
derginin kalite gdstergesi de o kadar yiiksek olur. Bu calisma, Biyoistatistik dergilerini de iceren Istatistik ve
Olasilik alanindaki 35 Ac¢ik Erisim dergisi ve 166 Abonelik Tabanli Dergiyi incelemektedir. Amag, istatistik ve
olasilik yayimnciligindaki ortak egilimleri gostermek icin hem acik erisim (OA= Open Access) hem de abonelik
erisimi (SA= Subscription Access) dergileri i¢in SCI etki faktorlerini karsilagtirmaktir. Bu ¢aligmanin verileri
SCImago Journal Index and Country Ranking (SJR) web sitelerinden alinmistir. Agik erisim ve Abonelik erigimi
dergilerinin oranina bakmak ve her birinin Etki faktorlerindeki (IF) degisiklikleri degerlendirmek igin {i¢
istatistiksel yontem kullanildi. Bunlar; bagimsiz gruplarda t-testi, ki-kare testi ve iki karsilik gelen regresyon
modeli (two corresponding regression models) kullanilmigtir. Bu analizlerin bulgulari, 2016-2018 déneminde agik
erisim Olasilik ve Istatistik-Biyoistatistik dergilerinin Etki Faktérlerinin abonelik erisimli dergilere gore énemli
olciide arttigint gostermektedir.

Anahtar Sozciikler: + A¢ik Erigsim  Abonelik Erigimi ¢ Biyoistatistik « SCImago dergi siralamasi gostergesi ¢
Etki faktori

Giris

Arastirmacilar, kendi alanlarindaki bilgilere ulasmak i¢in ¢ogunlukla akademik dergileri kullanirlar.
Akademisyenlerin yeni fikirler ve teoriler hakkinda sohbet etmelerinin bir yolu olarak da kabul edilebilir.
Gergekten de, bir¢ok alanda, iki veya daha fazla teorisyen arasinda bir literatiir akist bulunabilir. Akademik
dergiler, A¢ik erisim (OA= Open Access) veya Abonelik erisimli (SA= Subscription Access) olabilir. A¢ik erisim
dergileri iicretsizdir ve bir abonelik veya 6deme olmaksizin indirilebilir ve bu nedenle kolayca erisilebilir
durumdadir. Abonelik erisimli dergi makaleleri ya bireysel olarak 6denebilir ya da bir abonelik paketinin bir
pargasini olusturabilir (derginin tamami veya dergi koleksiyonu i¢in). Bir¢ok aragtirmact, bilginin herkes i¢in hazir
ve kullanilabilir olmas1 gerektigine inandigindan abonelik dergileri hakkinda devam eden bir tartigma vardir (Van
Noorden, 2013). Ayrica, dergilerin agik erisim yayinciliginda 1srar etmesi yaygin bir politika haline gelmektedir
(Van Noorden, 2013). Fikirlerin yayilmasi, alanlarda arastirmayi ilerletmenin anahtaridir ve bu nedenle abonelik
dergileri tartismali olarak birgok fikrin genis ¢apta yayilmasini engeller.

Bir derginin gegerliligini ve kalitesini degerlendirmek i¢in kullanilan en yaygin parametre derginin Etki faktoriidiir
(IF= Impact Factor). Bir derginin Etki faktorii degeri, 1955 yilinda Eugene Garfield tarafindan gelistirilmistir.
Dergide yayinlanan makalelerin atif sayisindan hesaplanir (Garfield, 1972; Garfield, 2006). Bunu takiben, bir grup
Ispanyol arastirmaci, bir derginin kalitesini degerlendirmek i¢in SCImago Journal Ranking (Garfield, 1972) olarak
bilinen alternatif bir yontem gelistirmislerdir. Arastirmacilar giderek acik ve abonelik veri tabanlarinda yaymlanan
calismalara ve gelecekte her birinin olumlu ya da olumsuz yonlerini degerlendirmeye baslamislardir (Kaziktas ve
digerleri 2019 ve Polat ve digerleri 2019). Istatistik ve olasilik alanlar1 smirlidir ve bu nedenle bu galismanin odak
noktas1 1999-2018 donemindeki etki faktorlerini karsilastirmak ve analiz etmektir. Bu, 6zellikle agik erisim ve
abonelige dayali dergilerin kalitesi hakkinda tartigmalara katilmis olabilecek arastirmacilar i¢in ilging olabilecegini
diigiintiyorum.
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Gerec ve yontemler

Bu ¢aligma i¢in veriler SCImago Journal and Country Rank Database'den (SCImago web sitesinden) toplanmustir.
Analiz edilen verilerin tamami SCImago veri tabanindan alinmistir. A¢ik Erigim (OA= Open Access) ve Abonelik
Erisimi (SA= Subscription Access) dergilerinin sayisini degerlendirmek ve etki faktorlerindeki egilimleri
incelemek icin ii¢ istatistiksel analiz yapilmustir. Tlk olarak, 1999-2018 yillar1 arasinda abonelik ve agik erisim
dergilerinin ortalama Etki faktorleri (IF) degerlerini incelemek i¢in bagimsiz gruplarda t-testi uygulanmistir.

Ki-kare bagimsizlik testi ise, ayn1 zamanda Abonelik erigimi ve Agik erisim dergilerinin say1 oranlarinin belirtilen
yillar iginde 6nemli 6l¢iide degisip degismedigini arastirmak igin kullanilmigtir. Bunu takiben, Abonelik Erigimi
ve Agik Erisim dergilerinin yillar i¢indeki egilimlerini (orantili ve etki faktorii rakamlar1 olarak) incelemek igin
Abonelik Erisimi ve A¢ik Erigim dergileri i¢in ayr1 ayr iki karsilik gelen regresyon modeli (two corresponding
regression models) uygulandi. Bagimli degiskenler Abonelik Erisimi ve A¢ik Erisimler etki faktorleri ve yillar
bagimsiz degiskenlerdir. Her dergi i¢in ayr1 bir degisken olarak yillar sec¢ilmistir. Veriler istatistik yazilimi1 STATA
14 kullanilarak analiz edilmistir.

Sonuclar

Asagidaki Sekil 1°de, 1999 ve 2018 yillar1 arasindaki ortalama yillik Etki fakt6rlerinin abonelik (SA= Subscription
Access) ve agik erisim (OA= Open Access) dergilerine gore dagilimini gostermektedir. Genel olarak, hem agik
erigimli hem de abonelik dergilerinin etki faktdrlerinin ortalamalart 1999-2018 doneminde artmugtir. 1999 yilinda
abonelik dergilerinin ortalama etki faktorii 0,66 iken, agik erisim dergiler i¢in ortalama 0,22 idi. 2002 ve 2004
yillart arasinda, Agik Erisim dergilerinin Abonelik Erisimi dergilerine gore Etki faktorleri agisindan yiikselmeye
baslamustir. Ilging bir sekilde, 2018'de acik dergilerin ortalama etki faktorii (ortalama=1.64), abonelik dergilerinin
ortalama etki faktdriinden (ortalama=1.23) daha yiiksek oldugu goériinmektedir.

1,80
1,60

1,40

Grafik Alan
20

0,00
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—@— Subscription Journals Open Journals

Sekil 1: Abonelik ve Agik erigsim dergilerine gore ortalama yillik etki faktdrlerinin yillar igindeki dagilimi

Tablo 1, Abonelik ve Agik erisim dergilerine gore 1999, 2005, 2010, 2015 ve 2018 yillarinda ortalama, Standart
sapma ve Medyan etki faktorlerinin dagilimini géstermektedir.

125



XXI. Ulusal ve IV. Uluslararasi Biyoistatistik Kongresi Kisa SozIu Bildiriler
XXI. National and IV. International Biostatistics Congress Short Oral Presentations
28-30 Ekim 2021 — Cevrim ici / Online

Tablo 1. Abonelik ve Agik erisim dergilerine gére 1999 ile 2018 arasi dagilimlari

Acik Erisimli Dergiler Abonelik Erisimli Dergiler

Ortalama+S Medyan Ortalama+S Medyan pi
1999 0.28+0.19 0.20 0.66+0.58 0.52 0.21
2005 1.12+2.29 0.32 1.21+1.91 0.86 0.89
2010 1.19+1.38 0.58 1.16+0.98 0.90 0.90
2015 1.03+1.22 0.61 1.30£1.72 0.87 0.39
2018 1.64+2.12 0.96 1.22+0.96 0.95 0.07

£ Bagimsiz gruplarda t-testi

Abonelik erisimli (SA= Subscription Access) ve Acik erisimli (OA= Open Access) dergileri arasinda bes farkli
yilda istatistiksel fark olup olmadigini arastirmak icin bagimsiz gruplarda t-testi yapilmistir. Tablo incelendiginde,
bes yil boyunca Abonelik erisimli ve A¢ik erigimli dergilerin etki faktorleri arasinda istatistiksel olarak anlamli bir
fark olmadigini goriilmektedir (p>0.05).

Tablo 2: A¢ik Erisim ve Abonelik erigim dergilerinin toplam dergi sayisi i¢indeki oranlari

Acik Erigimli Abonelik Erisimli Toplam p
Dergiler Derqgiler

Yillar N % N % N %
1999 4 4.0 97 96.0 101 100

0.001
2018 34 171 165 82.9 199 100
2005 10 8.5 111 91.4 121 100

0.026
2018 34 17.1 165 82.9 199 100
2010 23 14.7 134 85.3 157 100

0.534
2018 34 171 165 82.9 199 100
2015 33 174 157 82.6 190 100

0.941
2018 34 17.1 165 82.9 199 100

Tablo 2, Olasilik ve Istatistik-Biyoistatistik dergileri icin Abonelik Erisim ve Acik Erisim dergilerinin toplam
sayisin1 gostermektedir. 1999'da 101 dergiden sadece 4'ii Agik Erisim dergi iken 97'si Abonelik Erigim dergisiydi.
Acik Erisim dergilerinin artan sayilarini géstermek i¢in bagimsiz gruplarda ki-kare testi kullanildi. Yukaridaki
tablodan (tablo 2) asagidaki hipotez olusturulabilir:

* Ho =pl =p2 (1999-2018 déneminde Abonelik Erisim ve A¢ik Erisim dergilerinin say1 oraninda fark yoktur);
* HI = pl #p2 (1999-2018 doneminde Abonelik Erigim ve Agik Erisim dergilerinin say1 oraninda bir fark vardir)

1999 ve 2018 yillar1 arasinda Abonelik Erisim ve Acik Erisim dergileri arasinda istatistiksel olarak anlamli bir
fark vardir (p=0.001) ve 2005-2008 yillar1 arasinda da Abonelik Erisim ve Acik Erisim dergileri arasinda
istatistiksel olarak anlamli bir fark vardir (p=0.026). Ancak, 2010-2018 ve 2015-2018 yillar1 arasinda Abonelik
Erisim ve Agik Erisim arasinda istatistiksel olarak anlamli bir iliski bulunamamustir.
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Sekil 3: 1999-2018 doneminde Agik Erisimli dergilerin Etki Faktorlerinin dagilim

Abonelik Erisim ve Agik Erisim dergileri igin “En Kiiciik Kareler Yontemi” kullanilarak ayri regresyon
analizleri yapilmistir (Van de Geer, 2005). Grafikler, 1999-2018 doneminde Abonelik Erisim ve Acik Erigsim
dergilerinin uygun degerlerini temsil etmektedir. A¢ik Erisim giinliikleri i¢in egim hatasi parametre tahmini
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0,045'tir ve standart hatas1 0,019'dur. Abonelik Erisim giinliikleri i¢in egim parametre tahmini 0,028'dir ve standart
hatas1 0,004'tiir. Abonelik Erigim ve Agik Erisim dergilerinin egimleri Z testleri kullanilarak test edildi (Chen,
2011).

Z testi=(X"- p)/(o/Nn) « HO = B1 = B2 (egimler esittir)
* H1 = B1 # B2 (egimler esit degildir)

Her iki egimin de p degerleri anlamliydi (p degeri < 0,001). Agik Erisim dergilerinin egimi, Abonelik Erigim
dergilerinin egiminden biraz daha fazladir. Grafikler, A¢ik Erisim dergileri i¢in, IF rakamlarindaki artisin, etki
faktorlerinde yalnizca hafif bir artiga sahip Abonelik Erigim dergilerinden daha dik oldugunu gostermektedir. Son
yillarda, Acik Erisim dergileri icin eg§im daha da artmustir. Bu, Ag¢ik Erisim dergilerinin etki faktorlerinin son
zamanlarda abonelik erisim dergilerinden daha hizli artti§1 anlamina gelir.

Tartisma

Bu ¢alismanin bulgular1 bir dizi dnemli noktay: gostermektedir. {1k olarak, 2016 — 2018 yillar1 arasinda agik erisim
dergileri icin Etki Faktorleri, abonelik erisimli dergiler i¢in olanlar1 6nemli sayilabilecek dl¢iide geride birakmustir.
Agik erigsim i¢in 1.64 ve abonelik erigimi i¢in 1.23 rakamlart bunun agik bir gostergesidir. t-testi sonucuna gore,
yillik dilimlerdeki verilere bakildiginda etki faktorlerinde istatistiksel olarak anlamli bir fark olmadigim
gostermistir. Dergilerin orani ile ilgili olarak, yukaridaki Tablo 2, 2018'deki 199 dergiden 34'iine kiyasla, 1999'da
101'den sadece 4'liniin agik erisim oldugunu gdstermektedir. Bu, 6nemli bir artis gostermekte ve dolayisiyla artan
bir egilime isaret etmektedir. Dergilerin agik erisime agilmasi. Sekil 2 ve 3'teki daha dik bir egim, Abonelik Erigim
dergilerine kiyasla Ag¢ik Erisim dergilerinin etki faktorii rakamlarinda onemli bir sigrama oldugunu
gostermektedir. Bu test, yillar icinde A¢ik Erisim ve Abonelik Erisim dergilerinin oranini dikkate alsa da, bu, sekil
1'deki sonuglar1 yansitmaktadir.

Bu c¢alismanin 6ne ¢ikan bulgusu, acik erisimli dergilerde Istatistik ve Biyoistatistik alaninda yayinlanan
calismalarin kalitesinin olumsuz etkilenmemesidir. Bu nedenle, abonelik ve agik erisim dergi kalitesi arasindaki
fark belki de yillar 6nce su an oldugundan daha da biiyiik olabilir.

Coziim

Biyoistatistik ve istatistik alaninda, akademik dergiler tarihsel olarak abonelik erigimli dergilerde yer almislardir.
Bu caligma, acgik erisim dergilerinin oraninin ve dergi kalitesinin (SCImago verilerine dayali olarak) arttigini
gostermistir. 2016'dan itibaren, bu alandaki agik erisim dergilerinin etki faktorlerinin keskin bir sekilde arttigi
goriilityor; bu, belki de artan kalitelerinin ve bilimsel gegerliliklerinin 6nemli bir gdstergesidir. Egilim, agik erigim
dergilerinin daha popiiler hale gelmesi ve ¢alismalarini hangi platformlardan/veri tabanlarindan yayinlayacaklarin
ve dagitacaklarini segerken arastirmacilar i¢in avantajli secenekler olarak goriinmektedir.
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Avrupa Saghk Okuryazarhg Ol¢egi Tiirkce versiyonu Kisa Form Onerisi

Mehmet Ali SUNGUR?, Zerrin GAMSIZKANZ?, Demet Hanife SUNGUR?

Diizce Universitesi, Biyoistatistik ve Tibbi Bilisim Anabilim Dali, Diizce
2Diizce Universitesi, Aile Hekimligi Anabilim Dali, Diizce
3Diizce Universitesi, Elektrik-Elektronik ve Bilgisayar Miihendisligi Anabilim Dali, Diizce

Amag: Saglik hizmeti saglayicilart ve saglik politikasi belirleyicilerin daha etkili miidahalelerde bulunabilmek ve
saglik kosullarini iyilestirebilmek adina bireylerin saglik okuryazarlig: diizeyini degerlendirebilmeleri dnemlidir.
Sonuglandirma ve uygulamaya koyma asamalarinin hizli olabilmesi i¢in bu degerlendirmenin kapsamli olmasi
kadar hizli ve pratik bir sekilde yapilabilmesi de 6nemlidir. Bu ¢alismanin amaci, 47 maddelik Avrupa Saglik
Okuryazarhi@g Olgegi Tiirkce versiyonu (ASOY-TR) igin bir kisa form dnermektir.

Yéntem: Bu calismada kullamilan veriler, Diizce Universitesi’nde 6grenim goren 686 &grenciye ASOY-TR
uygulanan ¢alismadan elde edilmistir. Veri seti gelistirme ve dogrulama siirecleri i¢in tamamen rasgele sekilde iki
alt gruba boliinmiistiir. Kisa formda yer alacak maddelerin se¢imi igin faktor yiikleri, regresyon katsayilari, madde
toplam korelasyonu ile dort farkli kisa form test seti olusturulmus ve 47 maddelik ASOY-TR toplam puan
varyansinin ne kadarinin agiklanabilecegi agisindan karsilastirilmistir. Dogrulama siirecinde 6nerilen kisa formun
yapi gecerliligini test etmek i¢in dogrulayici faktor analizi kullanilmig, model uyum indeksleri incelenmistir.

Bulgular: Kisa form igin olusturulan test setleri ile 47 maddelik ASOY-TR o6lgeginden elde edilen puanlar
arasinda yiiksek diizeyde korelasyon (0,91 ile 0,96 arasinda) oldugu ve 47 maddelik ASOY-TR varyansini
aciklama oranlarinin 0,83 ile 0,93 arasinda oldugu goriilmistiir. En yiiksek aciklama oranina sahip olan test seti
ASOY-TR i¢in en uygun kisa form (ASOY-TR-KF12) olarak se¢ilmistir. Dogrulama i¢in ayrilan veri setinden
elde edilen puanlar incelendiginde, ASOY-TR ile elde edilen puanin varyansinin 0,92 oraninda agiklanabildigi
goriilmiistiir. Modelin %2/df=1,87 (<3), RMSEA=0,043 (<0,05) ve RMR=0,023 (<0,05) degerleri ile iyi uyum
gosterdigi sonucuna ulagilmistir. Ek olarak, CFI=0,953, NFI=0,906, GFI=0,969 ve AGFI=0,952 olup bu
indekslerin de 1’e yakin oldugu ve bu dogrultuda modelin iyi uyum gosterdigi gorillmiistiir.

Sonug: Bu ¢alismada, 6nerilen kisa form ile elde edilen puanlar ile 47 maddelik ASOY-TR 6l¢eginden elde edilen
puanlar arasinda yiiksek diizeyde korelasyon saptanmis, 47 maddelik ASOY-TR o6lgeginden elde edilen puanin
%92,4 oraninda agiklanabildigi tespit edilmistir. Dogrulayici faktor analizi sonuglarina gére, modelin anlamli
oldugu ve iyi uyum gosterdigi goriilmiistiir. Ayrica, 6nerilen kisa formun, 6l¢egin tam hali i¢in 6nerilen 12 alt
boyuttan birer madde igeriyor olmasi da dikkate alinarak bu kisa formun Tiirkiye’de saglik okuryazarliginin hizli
ve giivenilir bir sekilde degerlendirilmesi amaciyla yararli bir kisa form olarak kullanilabilecegi diisiiniilmektedir.

Anahtar Sozciikler: Saglik okuryazarligi, Avrupa Saglik Okuryazarlig1 Olgegi, Tiirkce versiyon, kisa form.
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Nedensel Aracilik Analizi ve Hemsirelikte Bir Uygulama
Nihan OZEL ERCEL!, Giilhan TEMEL!, Hilal ALTUNDAL?, Mualla YILMAZ?, Cemil COLAK®

 Mersin Universitesi Tip Fakiiltesi Biyoistatistik ve Tibbi Bilisim Anabilim Dali, Mersin
2 Mersin Universitesi Tip Fakiiltesi Egitim ve Arastirma Hastanesi, Ruh Saghg ve Hastaliklar Hemsireligi
Anabilim Dali, Mersin
8 [nénii Universitesi Tip Fakiiltesi Biyoistatistik ve Tip Bilisim Anabilim Dali, Malatya
nihanozel88@gmail.com

Giris: Arastirmalarda ¢ogunlukla iizerinde durulan bagiml ve bagimsiz degiskenlerin yani sira “araci” olarak
adlandirilan degiskenler de mevcuttur. Genel sdylemiyle araci degiskenler, bagimli ve bagimsiz degiskenler
arasindaki nedensel iliskinin daha derin ve daha sadelestirilmis hale gelmesini saglayan {igiinciil degiskenlerdir.
Genellikle agiklayici ve sonug degiskenleri arasindaki iligkilerin ortaya konmasi ve modellenmesinde klasik
regresyon yontemlerinden yararlanilmaktadir. Ancak klasik yontemler aragtirtlmak istenen iligkinin ve bagimsiz
degiskenin sonu¢ degiskeni iizerindeki etkisinin ne kadarinin dogrudan ne kadarinin ise dolayli bir sekilde
aktarildigina dair yeterli bilgi vermemektedir. Bu sebeple, ortaya cikan bu ihtiyaci karsilamak igin literatiirde
nedensel aracilik analizlerinden yararlanilmaktadir. Nedensel aracilik analizi yontemi, regresyon yontemlerine
gore daha esnek bir yontem olup klasik yontemlerin uygulanabilmesi i¢in gerekli olan varsayimlarin saglanmasi
kosulunu gerektirmemektedir. Sosyal bilimler ve psikoloji gibi alanlarda yaygin olarak kullanilan nedensel aracilik
analizleri, klinik ¢aligmalar ve hemsirelik uygulamalarinda da giderek artan bir dneme sahiptir.

Yontem: Literatiirde yapisal esitlik modellemesi cergevesinde formiile edilen aracilik analizlerinde genis
orneklem biiyiikligiiyle ¢alisilmasinin ve drneklem biiyiikliigiiniin 300’{in altinda olmamasinin uygun oldugu
belirtilmektedir. Bu bilgi gbz oniinde bulundurularak, kisisel bilgi formu ve kullanim izinleri alinmis 6lgekler
(Depresyon Damgalama Olgegi (DDO), Psikolojik Yardim Almaya iliskin Tutum Olgegi Kisa Form (PYAITO-
KF), BECK Depresyon Envanteri) kullanilarak 302 hemsireye ulasilip veriler toplanmistir. Veri analizinin ilk
asamasinda, sonu¢ degiskeni ile bagimsiz ve araci degiskenler arasindaki iliskinin yonii ve bilyiikliigiinin
tespitinde Pearson korelasyon testi kullamlmugtir. ikinci asamada, bagimsiz degiskenin, araci degiskenler
vasitasiyla sonu¢ degiskeni iizerindeki dogrudan ve dolayli etkilerinin tahmini ve modellernmesi igin araci
degiskenlerin modele dahil edildigi regresyon denklemleri kurulmustur. Bagimsiz degiskenin sonu¢ degiskeni
tizerindeki dogrudan etkisi, arac1 degiskenlerin sonu¢ degiskeni lizerindeki dolayli etkilerinin incelenmesi igin
uygulanan aracilik analizi yontemi IBM SPSS PROCESS eklentisi kullanilarak gergeklestirilmistir. Her bir etki
(dogrudan etki, dolayli etki ve toplam etki) i¢in %95 bootstrap giiven araliklari verilmis olup, giiven aralig1 sifir
icermedigi durumda s6z konusu etkilerin istatistiksel olarak anlamli oldugu kabul edilmistir.

Bulgular: Bagimsiz degisken olarak ele alinan algilanan damgalama diizeyi ile birinci araci degisken olarak
modele alinan kisisel damgalama diizeyi arasinda istatistiksel olarak anlamli bir iliski mevcut iken ikinci aract
degisken olarak modele alinan BECK depresyon diizeyi ve sonug degiskeni olan psikolojik yardim almaya iliskin
tutum puanlarinin bagimsiz degisken algilanan damgalama diizeyi ile aralarinda istatistiksel olarak anlamli bir
111$k1$1 bulunrnamlstlr (ra|g1|anan.ki$ise|:o,150 p:0009, ra|g1|anan.BECK:—0,O35 p:0.541, I’algl]anan.tutum:-o,lll- p:0812)

Bagimsiz degisken olan algilanan damgalama diizeyinin sonu¢ degiskeni iizerindeki etkisinin ne kadarinin
dogrudan ne kadarinin dolayli olduguna yonelik araci degiskenler ile kurulan model sonuglarina bakildiginda,
algilanan damgalama diizeyinin psikolojik yardim almaya iliskin tutum iizerindeki toplam ve dogrudan etkileri
istatistiksel olarak anlamli bulunmamistir (Bropiam eti=-0,029; p=0.357 ve Pdogrudan «xi=0,004 ve p=0.897). Araci
degisken olarak modele dahil edilen kisisel damgalamanin psikolojik yardim almaya iliskin tutum tizerindeki
aracilik etkisi yani dolayli etkisi istatistiksel olarak anlamli bulunmus olup, BECK Depresyon diizeyinin psikolojik
yardim almaya yonelik tutum tizerindeki aracilik etkisi istatistiksel olarak anlamli bulunmamustir (Buisiser=-0,030,
[-0,070_-0,006] ve Peeck=-0,002, [-0,016_-0,005]).

Sonu¢: Bagimsiz degiskenin, sonug¢ degiskeni iizerindeki dogrudan etkisi ile bagimsiz degiskenin araci
degiskenler vasitasiyla sonu¢ degiskeni iizerindeki dolayli etkilerinin incelenmesi i¢in kurulan modellere
bakildiginda; algilanan damgalamanin psikolojik yardim almaya iliskin tutum {iizerindeki toplam ve dogrudan
etkileri istatistiksel olarak anlamli bulunmamuistir. Araci degisken olarak modele dahil edilen kisisel damgalama
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ve BECK depresyon diizeyinin psikolojik yardim almaya iliskin tutum tizerindeki toplam dolayl etkisi istatistiksel
olarak anlamli bulunmus olup kisisel damgalama diizeyinin psikolojik yardim almaya iligkin tutum {zerindeki
dolayli etkisi istatistiksel olarak anlamli, BECK Depresyon diizeyinin psikolojik yardim almaya iliskin tutum
iizerindeki dolayli etkisi ise istatistiksel olarak anlamli bulunmamustir.

Anahtar Sozciikler: Araci degisken, nedensel aracilik analizi, dolayli etki
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Popiilasyon Genetigi Calismalarinda Mantel Testi Uzerinde bir Uygulama

Osman Tolga KASKATI!, Mustafa Murat ARAT?, Fatma KAYMAKAMTORUNLARI DENIZ3, Emre
KESKIN*

! Lokman Hekim Universitesi, Tip Fakiiltesi, Biyoistatistik Anabilim Dali, Ankara
2 Hacettepe Universitesi, Fen Fakiiltesi, Istatistik Bolimii, Ankara
. Ankara Universitesi, Tip Fakiiltesi, Biyoistatistik Anabilim Dali, Ankara
4 Ankara Universitesi, Ziraat Fakiiltesi, Su Uriinleri Miihendisligi Boliimii, Ankara

Ozet

Giris: Popiilasyon genetigi, kendi arasinda eslesebilen bireylerin olusturdugu gruplar arasindaki ve igindeki
genetik cesitlilik modeli veya genetik yapi ile ilgili calismalar yapan bir genetik alt dalidir. Farkli
popiilasyonlardaki bireyler arasindaki genetik farkliliklarin tahmini, popiilasyon genetigindeki deneysel
calismalarin 6nemli bir bileseni olmustur. Bu ¢calismanin amaci, Tiirkiye Denizlerinde yasayan bir hamsi tiirii olan
“engraulis” baliginin 16 farkli bolgedeki popiilasyonlarmin kendi igindeki genetik farkliliklari ile cografi
farklarinin arasindaki iliskiyi MANTEL testi ile incelemektir.

Yontem: Popiilasyonlar arasindaki genetik farkliliklarin belirlenmesinde kullanilan farkl: istatistiksel yontemler
mevcuttur. Ozellikle genetik sapma veya genetik mesafelerin cografi mesafelerle karsilastirilmak ve popiilasyon
yapisini etkileyen mekansal siiregleri degerlendirmek icin kullamlan yontemlerden biri Mantel testidir. 1k olarak
iki matris arasindaki iliskiyi test etmek i¢in Onerilmis olan Mantel testi 6zellikle genetik veriler i¢in incelenen
hipotezin yalnizca mesafeler cinsinden formiile edilebildigi birka¢ uygun testten biridir. Mantel Testi,
matrislerdeki girdilerin korelasyonunu hesaplama, matrisleri permiite etme, her permiitasyon altinda ayni test
istatistigini hesaplamaktan ve orijinal test istatistigini, permiitasyonlardan gelen test istatistiginin dagilimiyla
karsilagtirarak bir p-degeri tiretme adimlarindan olusur.

Mantel testi pearson korelasyon katsayisinin daha detayli ve kompleks yapida DNA dizilimleri ile olusmus veri
kiimeleri arasindaki iligskisel yapiyr analiz etmek i¢in konumlandirilmistir. Bu analiz, genetik ve cografi
mesafelerin korelasyonu iizerinden standartlagtirma yapilmasi ile miimkiin olabilmektedir. Mantel testi, cografi
uzaklik ve genetik sapma arasindaki iligkiyi degerlendirmek igin uzun yillandir kullanilmaktadir.
Uzamsal/mekansal ¢ok degiskenli verileri analiz etmek i¢in farkli yaklasimlar olmasina ragmen Mantel testi
yaygin olarak uygulanmaktadir. Caligmada, Ege denizinde bulunan engraulis isimli hamsi tiiriine iligkin genetik
veri seti lizerinde ¢alismaktir. Analizler, Python program dili iizerinde gerceklestirilmistir Uzaklik matrislerini
hesaplamak icin SciPy kiitiiphanesi (https://www.scipy.org), Mantel Testini uygulamak i¢in Github’daki mantel
modiilii (https://github.com/jwcarr/mantel) ve Scikit-Bio kiitliphanesi (http://scikit-bio.org) kullanilmustir.

Bulgular: Ege Denizinde farkli bdlgelerde bulunan Engralius isimli hamsi popiilasyonlarinin cografi mesafeleri
ile bu yosunlarin genetik mesafeleri arasindaki iligki, Mantel testi ile analiz edilmistir. Caligma biinyesinde,
Tiirkiye’deki 16 farkl istasyondan toplanmis, Engraulis tiiriine ait bireylerine ait olan veriler {izerinde uzaysal
mesafeleri igeren uzaklik matrisi, ve verilen noktalarda 6lgiilen sonuglar arasindaki mesafeleri igeren uzaklik
matrisi olmak iizere iki matris olusturulmustur. ilk olarak bu 16 istasyonun enlem ve boylamlari elde edilmistir ve
asagidaki uzaklik matrisi Oklid Uzaklig1 kullanilarak bulunmustur. Daha sonra, bu 16 istasyondaki bireylerden
hesaplanan genetik uzaklik degiskeni kullanilarak ikinci bir uzaklik matrisi hesaplanmistir. ki matris arasinda
gozlenen korelasyon, r=0.16, matris girdilerinin pozitif olarak iligkili oldugunu gostermistir. p degeri 0,05'ten
kiiciik oldugundan (veya alternatif olarak, z-skoru %95 giiven diizeyinde 1,96'dan biiyiik oldugundan), bu iki
uzaklik kiimesi arasinda énemli bir korelasyon oldugu sonucuna varabiliriz.

Sonuc¢: Mantel testi uygulamasi sonrasinda ¢ikan korelasyon degeri, birbirine daha yakin yasayan bireylerin
genetik olarak daha fazla iliskili olma egilimindeyken, daha uzakta yasayan bireylerin daha az genetik olarak
iligkili olma egiliminde oldugunu gostermektedir. Karmasik yapida olan genetik popiilasyon veri setleri ve
matrislerinin karsilagtirllmasinda mantel testinin kullamim ve uygulama asamalarinin benzer calismalarda
kullanilarak cografi uzakliklar ve genetik farkliliklarin canli popiilasyonlar: tizerindeki iligkilerinin incelenmesi
i¢in 6rnek bir ¢alisma gergeklestirilmistir.
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What Is Synthetic Control Method And Why Should It Be Used?
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Introduction: The most well-known technique used when making causal inferences is the difference-in-difference
approach. In this approach, one group includes pre- and post-intervention measurements, while the other group
takes measurements without any intervention. The temporal variation of the untreated group, called the control
group, is an indicator of the natural trend. However, when the trends in the pre-intervention measurements of the
control and study groups are not similar, the use of the synthetic control group is recommended. In this study, it
was aimed to explain the theoretical features of the synthetic control method, which has not yet become widespread
in the literature in terms of application, and to define its usage areas.

Method: The theoretical features of the synthetic control method are explained and its usage areas in the literature
are shown. In addition, the latest developments on the subject have been analyzed and summarized. In the study,
the application of the method is shown by giving sample codes for the application.

Results: When Pubmed was searched with the keyword "synthetic control method", it was found that there were
74 studies in the world literature. However, almost half of these studies belong to the years 2020 and 2021. When
we evaluate it in terms of health research, it has been seen that the method is used to evaluate the health policies
of countries in a significant part of the studies. In a study conducted in 2020, a review was prepared about the use
of a synthetic control group for clinical trials and the difficulties experienced in assigning and/or posting
individuals to the placebo group for randomized controlled studies were mentioned, and it would be a correct
approach to create a synthetic control group because the patients had expectation of treatment. they have stated.
Recently, this method has become valid by the FDA and has been used in studies.

Conclusion: As a result, we think that the synthetic control method, which has been used in clinical trials for the
last two years in the world literature, should be used in studies in our country. We also suggest that the method
should be used to evaluate the policies in health studies.

Keywords: Synthetic control, randomized, intervention
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Genel Ozellikleri ile Hata Agac1 Analizi
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Giris: Hata agac1 analizi (Fault tree analysis, FTA), 6nceden tanimlanmig bir olayin olugmasina neden olan paralel
veya birbirini izleyen hatalar1 belirleyen bir grafik ¢aligmasidir. Hatalar, sistem hatasi, insan hatas1 veya diger
hatalarin kombinasyonlar1 olabilir. FTA, tepe olaya gétiiren temel olaylarin arasindaki mantiksal etkilesim ve
baglantilar1 inceler. FTA bir kantitatif (nicel) analiz yontemi degildir. Ancak siklikla kantitatif analize gidilmesini
saglar. Bu calismanin amaci, FTA genel 6zellikleri ile incelenmesi, agacin olusturma ilkelerinin agiklanmasi ve
bunlarin nitel ve nicel birer tahmin araci olarak kullanilabilirliginin a¢iklanmasidir.

Yontem: Hata agaci, (Fault tree) belirli bir sistemin durumunu, c¢alisma siirecinde meydana gelebilecek olasi
arizayl, olumsuzlugu, basarisizlig1 veya hatay1; nedenleri ile birlikte mantiksal olarak iligkilendirerek, belirli bir
gosterim kurallar1 ¢ercevesinde grafiksel olarak sunar. Hata agacinda genel olarak, sonug veya ¢ikti niteliginde,
analiz edilen yapiin veya sistemin bir basarisizlik modu bulunur. Hata agaci analizi asagidaki adimlart igerir: 1)
Sistemin tanimlanmasi (sistemi olusturan unsurlar, bunlarin islevsel iligkileri ve performans gereksinimleri). 2)
Sonug veya ¢ikt1 niteligindeki, analiz edilecek olayin tanimi ve sinirlarinin belirlenmesi. 3) Sonug (¢ikt1) olayinin
(arizanin, hatanin veya basarisizligin) tasarim i¢inde belirtilen islevsel diizeyinde, bir veya daha fazla nedene kadar
izlenmesiyle hata agacmin olusturulmasi. 4) Sonu¢ (¢ikt1) olayinin (arizanin, hatanin veya basarisizligin)
olasiligmin veya sikliginin hesaplanmasi. 5) Analiz sonuglarinin raporlanmasi.

Bulgular: Bir hata agacinin nicel analizi, sonug veya ¢ikt1 olayina ulagmak i¢in hangi olaylarin en kritik oldugunu
ve dolayisiyla iyilestirmelerin en yararli olacagi kisimlari (bolgeleri veya yerleri) belirlemenin yollarini saglar.
Ayrica, ana olaylarin meydana gelme olasiliklart verildiginde, sonug (¢ikt1) olayinin meydana gelme (veya
gerceklesmeme) sikligini veya olasiligint tahmin etmek i¢in araclar saglar. Hata agaci analizinde kantitatif analiz,
‘agacin islenmesi’ ve ‘kesim setleri (kiimeleri)’ olmak iizere iki ana yontemle yapilir. Ik yontemde, her kapinin
(gecit) sirayla hesaplanmasi gerektirir. Unsurlar bagimsiz oldugundan, hesaplamalar, sonu¢ olayma ulagilana
kadar her kap1 igin tekrarlanir. Ikinci yontem, sonug olayma yol acan tiim kesme kiimelerini tanimlar, her birini
degerlendirir ve sonuglari toplar. Bu yontemin bagimli hatalarla basa ¢ikma veya bu hatalarin iistesinden gelme
avantaj1 vardir.

Sonug¢: Hata agaci analizi (FTA) sistem tasarimini analiz etmek, degigsmesi gereken pargalar iizerinde ¢aligmalar
yapmak, 'bagimli arizalar1' analiz etmek, sistemin giivenlik gereksinimlerini ve uygunlugunu degerlendirmek ve
tasarim iyilestirmesine iligkin yapilacak eklemelerin dogrulugunu kontrol etmek gibi konularda nesnel bir temel
yaklagim sunmaktadir.

Anahtar Sozciikler: Giivenilirlik, emniyetli sistem, risk, basarisizlik, kantitatif analiz
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