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Accurate and reproducible readings from different sites of the
body

HIRF:

* From finger: 95, 93, 94
* From palm: 97

* From wrest: 94
* From belly: 95

* From Eye: 96

* Urine: 95, 93, 99
e Saliva: 95

Strip:

Accu-check: 96
D-Smart: 91
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NANOTEKNOLOIJI

* Nanoteknoloji, hastaliklari dogru ve zamaninda
teshis etmek icin algilama teknolojileri ve
minyatur cihazlar sunan onde gelen bir bilimsel

tekniktir.

* Nanoteknolojinin ila¢c dagitimi alaninda genis bir
uygulama yelpazesi vardir

* Ayrica proteinlerin ve peptitlerin oral
absorpsiyonunu basitlestirmek icin nano
tastyicilar spesifik ligandlarla modifiye edilir



Nanoteknoloji ile ilgili Bilesenlerin Boyut Alanlari

* Nanoteknolojiile 1 ile 100 nm arasinda
degisen gelismis 6zelliklere sahip
malzemelerin Uretilmesi mimkidn hale
gelmistir.

* |lac tasiyan nanoyapilar, virislerle ayni

poyuttadir (10 nm)

* Karbon ve polimer temelli yapilar buyluk 6nem
tasir




Nanopartikiullerin Avantajlari

Parenteral, oral, nazal, okiler, inhaler yolla
uygulanabilir

Yizeye spesifik ligand ekleyerek, ilaclari
spesifik hedef hucrelere yonlendirme

Stabilite ve terapotik indeksi iyilestirir
Toksik etkileri azaltir



Diyabet Tedavisinde Nanoteknoloji

Biyolojik olarak uyumlu (biocompatible)
Biyolojik olarak parcalanabilir (biodegradable)
Etkili ve kullanimi glvenli
Cesitli ilac dagitim sistemlerinin tasarlanmasi
Gelistirilmesi

icin 6nemli bir platform



Glucose Monitoring

Nanotechnolog
for Diabetes
Treatment

Insulin Delivery Islets Implantation

Wiley Interdiscip Rev Nanomed Nanobiotechnol. 2015 July ; 7(4): 548-564
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Glukoz Sensorleri

Mikrofizyometer

<+

c)

GOX
Glucose+ O, — gluconicacid + H,0, - 2H™ + 0, +2e¢”

Figure 1. Basic working principle for glucose biosensors (molecules are not drawn to scale). (a) Glucose binds in the enzymatic binding
pocket of glucose oxidase (GOX). (b) An applied potential catalyzes the oxidation of glucose to gluconic adid and hydrogen peroxide. (c)
Hydrogen peroxide dissociates to O , 2 H®, and 2 free electrons; electrons are measured using electrochemical or optical techniques.
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Figure 2. Conceptual schematic of a Forster resonance energy
transfer (FRET) interaction between quantum dots (QD) and
enzyme-dye conjugates (left) as well as QD-green fluorescent
protein FRET pairing.
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Figure 3. (Top Left) Tifted cross-sectional schematic illustrating the GOx/PEDOT biofunctionalized PtNP-MGPN glucose biosensor
with adjacent magnified view portrayal of GOx immobilized on a single PUNP. Glucose binds within the GOx enzymatic pocket producing
H, O, while consuming O.. (a-e) Field emission scanning electron microscopy (FESEM) micrographs of PtNPs elecorodeposited on

M s. Current pulses (%00 ms) of (a) 312 pA, (b} 625 pA, (c) 1.25 mA, (d) 2.5 mA, and (e) 5.0 mA were used to electrodeposit Pt
nanoparticles of distince size and density onto the MGPNS. (f) Bar graph displaying the H O, sensitivity of the MGPN electrode (before
and after the oxygen plasma etch) and the PtNP-MGPN electredes. Errors bars show standard deviation for 3 different experiments.
(Top Right). Glucose sensing ranges of the P-MGPN glucose biosensors (Pt electrodeposition current pulses of 312 pA, 625 pA,

1.25 mA, 2.5 mA, and 5.0 mA) as compared to glucose levels found in urine, blood, tears, and saliva. Reprinted with permission from
Advanced Functional Materials.** Copyright 2012 Wiley-VCH.

Journal of Diabetes Science and Technology 2014, Vol. 8(2) 40341




Figure 2.

Yang, et al investigated how nanowires can affect the sensitivity of amperomenic glucose
sensors. In this expenment, two types of sensors were developed:; the first was formed by
immobilizing GOx within 2 bulk hydrogel. and the second was formed by mmmobilizing
GOx on the surface of conductive nanowires. This figure depicts a schematic of the two
types of glucose concentration sensors: (a—<) A bulk hydrogel glucose sensor with
embedded GOx. (2,d-g) A napnowire glucose sensor with embedded GOx. (1) The glhucose
sensor apparatus. (J—k) The bulk hyrdogel-GOx sensing system. (i-m) The nanowwre-GOx
based giucose sensing system The nanowire based sensor was more sensitive than the bulk
film sensor. which was attributes to its larger surface area, increased GOx loading capacity,

and lower electnical resistance. (| Copynight 2014 Joan Wiley & Sons)

Wiley Interdiscip Rev Nanomed Nanobiotechnol. 2015 July ; 7(4): 548-564
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Veiseh O et al. Nature Reviews 14 (2015) 45-57



SMART TATTOO
-AKILLI DOVME-

(7,10) nanotube 10,10) nanotube




Teshis
* Nanoteknoloji ile Molekuler Goruntuleme ve
Biyomedikal Goruntuleme etkinlesiyor

* Tip 1/Tip 2 diyabetikler icin erken teshis, evreleme
ve hastalik ilerlemesinin izlenmesi icin yeni
firsatlar

* Fonksiyonel B-hicrelerinin nicel tespiti

* B-hiicre 6zgulliglu yuksek, kontrast nanoproblar
gelistiriliyor

» Bilgisayarli Tomografi (BT)
» Pozitron Emisyon Tomografisi (PET)
» Manyetik Rezonans Goriintileme (MRI)***



Superparamanyetik Demir Oksit
Nanoparcaciklari (SPION'LAR)

* SPION'lar, diyabet teshisi icin erken teshis araci
olarak
> Immun hicre infiltrasyonunu
» Ardindan pankreatiti
izlemek icin gelistirilmistir.
Pilot klinik calisma;
* Yakin zamanda diyabeti olan hastalarda adacik

hicre inflamasyonu saglikli gontlltlere gére iki
kat fazla
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Progression of diabetes
b Non-invasive monitoring of Centinuous glucose Novel Integrated devices
pancreatic islet cell mass monitoring insulins for insulin delivery

Figure 1| Nanotechnology-based approaches to address challenges in the diagnosis and treatment of diabetes.
a | The progression of diabetes results in a loss in f-cell mass, which can be subcategorized into three stages: primary.
secondary and tertiary. As the disease progresses through each stage. new types of therapies are necessary to help
slow advancement to the subsequent stage. b | Highlighted below the profile illustrating the progressive loss in -cell
mass are potential nanotechnology-based interventions that could be developed to address patient needs at the
various stages of disease progression. A number of examples are highlighted. including: nanoparticle-based contrast
agents to improve early diagnosis of the onset of type 1 diabetes: nanoparticle-based continuous glucose sensors that
can facilitate frequent monitoring of blood glucose levels with improved accuracy and patient comfort; nanoparticles
to improve the pharmacodynamics of insulin in order to better mimic the physiological needs of the body: and
nanotechnology-based protection of transplanted pancreatic islet cells. These approaches can be used as highlighted
to help maintain healthy normoglycaemic levels in patients with diabetes. Veiseh O et al. Nature Reviews 14 (2015) 45-57



NANOPARTIKUL iLAC DAGITIM

(a) nanotubes

d (i) nanospheres

(f} dendrimers

SISTEMLERI

(b) liposomes

d (ii) nanocapsules (e) Polymeric micelles

Nanoparticle

Catalytic
active sites

{(g) functionalized nanoparticles



Nanospheres Polymeric micelles Chitosan NPs Porous silicon

Fig. 1 - An overview of the different nanocamiers used for the delivery of anti-diabetic drugs. In brief, lippsomes are small

spherical vesicles crested from cholestercl and non-toxic phospholipids. Niosomes are multilameller vesicular structures of
non-iondc surfactants. Solid lipids are made of solid Hpids or lipid blends. Mztallic NPs are nanosized metals that can easily
conjugate with various biological agents. Nanospheres are matricial nanostructures of spherical shapes (usually polymeric);
Bolymeric micelles are core/shell strochures formed by amphiphilic block copolymers. Chitosan NPs are NPs formed by the

incorporation of & polyanion (e.g. such as tripolyphosphate) with chitosan. Porous silicon NPs are hollow NPs made of
porous silicon.

Simos YV et al. Asian Journal of Pharmaceutical Sciences 16 (2021) 62-76



1. Polimerik biyolojik olarak
parcalanabilen nanoparcaciklar

2. Polimerik miseller

3. Seramik nanoparcaciklar

4. Lipozomlar

5. Dendrimer

MOLECULE OF INTEREST
* Biomolecules

* Diagnostic Molecule

* Therapeutic Molecule
* Theranostic Molecule

Hydrophilic shell

core

Polymeric micelle

S

SECONDARY LINKER

* DTPA

* DOTA

* Hydrazide Compound
* PEG Molecule

Functional nanoparticles

Hydrophobic

Ceramic nanoparticle

Drug crystallized

Lipid-soluble
drug in biolayer

Liposome

in aqueous fluid

Covalently attached drug
Encapsulated drug

Dendrimer



Fig. 5 - Synthesis of the Heparin-Taurocholic acid (HTCA))-GLP1.

Fig. 6 - Scanning electron microscopy image of the H-PGLA

2(‘;{?1‘;2 Royal Sociaty of Chiemslatry. Simos YV et al. Asian Journal of Pharmaceutical Sciences 16 (2021) 62-76




Fig. 9 - Scanning electron microscopy images of (A) CS-coated liposomes and (B) g-glycerolphosphate /CS microcomplexes.
Copyright 2013 Springer Nature.

Simos YV et al. Asian Journal of Pharmaceutical Sciences 16 (2021) 62-76
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Fig. 2
Nanotechnology approach in T2DM treatment.

Simos YV et al. Asian Journal of Pharmaceutical Sciences 16 (2021) 62-76
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Fizyolojik Glikoz Duyarli Sistem
-Farkl Insiilin Salinim Durumlari-

Normal Glucose High Glucose
(3.9-7.0 m’M) (7.0-20.0 mM)

Xu C et al. Chemistry of Materials. 2017;29(18):7725-7732
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*Nanopartiktller sayesinde Inhaler instlin de mimkindur

Simos YV et al. Asian Journal of Pharmaceutical Sciences 16 (2021) 62-76



Oral ve inhaler Insiilin

Hayvan calismalarinda oral
yol;

Insulin yukli polimerik
nanopartikillerin verilmesi
icin mikropeletler

Mikrokureler, instlini etkili
bir sekilde tasir;

Hem proteaz inhibitori
Hem de gecirgenlik arttirici
olarak islev gorur

Inhaler insiilin icin citosan
nanoparcaciklari

Potansiyel en uygun sistem

msulin

alginate coated NP chitosan coaled NP
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Figure 1: insuln delivery sysem [7].

Gupta R. J Biotechnol Biomater 2017, 7:3




Nano Pompalar
- Stirekli Deri Alti insiilin inflizyonu-




AKILLI INSULIN BANTLARI

Figure 2; Smart Insulin patch {10},

Gupta R. J Biotechnol Biomater (2017), 7:3

Hypoonia- Ensuelin
rasposive
polymer

Figure 1 | A microncedle patch to monitor
glucose and relecase insulin. Yu ef al* have
developed a smart insulin-releasing patch made
of 121 nanoparticle-conlaining microneedles.

The paich painlessly penctrates the interstitial
fluid between subcutaneous skin cells. The
nanoparticles in cach needle contain insulin and
the glucose-sensing enzyme glucose oxidase,
which converts glucose lo gluconic acid. These
miolecules are surrounded by a hypoxia-responsive
polymer: Increases in glocose oxidase activity in
response to glucose clevation produce a low-oxygen
emvironment in the nanoparticles, which is sensed
by the hypoxia-responsive polymer, triggering
disassembly of the nanoparticles and the release

of insulin.

Veiseh O et al. Nature (2015), 524:39-40



Kapali Dongii Insiilin Sistemleri
-Yapay Pankreas=Bionik Pankreas-

* Surekli Bir Glikoz Monitora
* Glikoz Olcer  Yapay Pankreas
* insilin inflizyon Pompas Sistemi

* Hassas nano-sensorler

* Glikoz sensor fonksiyonunu iyilestiren nanomalzemeler

* Cesitli nanoteknolojik sistemlerle instlinin uygulanmasi

* Glukagon hipoglisemi riskini azaltmak icin birlikte verilebilir
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Insulin
subcutaneous
delivery

Flg. 1. Closed-loop artificlal pancreas systems. (A) Diagram depicting dosed-loop insulin delivery. A continuous glucose monitor (CGM) worn subcutaneously trans-
mits information about interstitial glucose concentrations to a smartphone or other control algonthm device {CAD), which hosts a control algonthm that translates infor-
mation from the CGM and computes the amount of insulin to deliver. An insulin pump delivers rapid-acting insulin analog subcutaneously. Insulin delivery is modulated
in real time by the control algorithm. Communication between system components is wireless. (B) Schematic depicting where the components of a closed-loop insulin
delivery system may be wom and held by a human subject with type 1 diabetes.

Boughton and Hovorka, Sci. Transl. Med.11, eaaw4949 (2019)

Glucose intake
—)

Closed-Loop
Insulin Release

Normoglycemia

Basal Insulin Release

Gordiojo CR et al. Advanced Functional Materials, (2011) 21, 73-82



Real-Time Glikoza Duyarli insiilin Salinimi igin
Subkutan Implant

pH-Responsive
Nanoparticle
Glucose oxidase
Catalase / MnO:NPs
Bioinorganic
Membrane

Silicone

¥ Low Glucose Tubing

A High Glucose
A High Insulin Release Rate

FIG. 1. Schematic for glucose-responsive insulin micro-
devices: (top) polydimethylsiloxane (silicone) tubing mi-
crodevice with a bioinorganic plug and the cross-section of
the device with embedded hydrogel nanoparticles (NPs) and
(bottom) cross-sectional diagram of the membrane response
to glucose at high glucose concentrations. CAT, catalase;
GOX, glucose oxidase. (A color graphic is available online
at www liebertonline.com/dia)

Diabetes Technology & Therapeutics (2015),17: 4.



Glikoz Aracili insuilin Salinimi icin Enjekte Edilebilir
Nano Network

* Enjekte edilebilir instlin iceren nanopartikiler jeller
* Nanopartikiller, vicuttaki glikoz seviyelerini algilar

 Her nanoparcacik, glikozu glukonik aside donusturen
Glukoz oksidaz yuklu dekstran kureleri icerir

* Glikoz jel icerisinde serbestce dagilir

e Kan sekeri yukselince glukonik asit Uretilir, ortami tam
asidik olur

* Asidik ortam, dekstran kirelerinin parcalanmasina ve
instlin salmasina neden olur.

* Tip 1 diyabetli farelerde jelin tek bir enjeksiyonunu
ortalama 10 gun boyunca normal kan sekeri
seviyelerini korur



m-dextran

chitosan Layer aiginate Layer )
chitosan coated NP alginate coated NP

L |
b)

m-dextran nano-network (NN)

d) subcutaneous injection
N

glucose-mediated
NN degradation -

nsulin release

hyperglycemié normoglycemia

Flgare 1.
Schematic of the glucose-responsive nano-network, {a) Nanoparticles (NPs) encapsulating

insulin and glucose-specific enzymes (GOx, ghicose oxsdase; CAT, catalase) are made of
acidic sensitive acetal-maodified dextran (b) and coated with chitosan and alginate,
respectively. (c) Nano-network (NN) ¢ formed by maixing opposstely charged nanoparticles
together and efficiently degrades to redease insulin upon the catalytic generation of ghiconic
acid under hyperglycemic conditions. (d) Schematic of glucose-mediated insulm delivery for
type | diabetes treatment using the STZ-induced diabetsc mice model

Gu Z et al. ACS Nano. 2013; 7:4194-4201



Yapay Zeka ile isler Kolaylasacak...

Wearable Smart
sensors and phones and
devices apps

nli
. ne;_ E health
communities
and social records and
i data mining
media

\Telemedicine

Figure 2 Applications of artificial intelligence in diabetes care.

Ellahham S. The American Journal of Medicine ((2020), S0002-9343.



GLP-1 ve Nanoteknoloji

* Nanosistemler, GLP-1’in oral yoldan verilmesi icin kullanilabilir
ve onu bozulmadan aktif olarak korur.

e Kapli nanosistemler peptit salinimini da uzatir.

* GLP-1 bazli nanomalzemeler/nano-DPP4 inhibit6r tastyicilari
GLP-1’in uzun sureli aktivasyonunu saglar

Simos YV et al. Asian Journal of Pharmaceutical Sciences 16 (2021) 62-76



Instilin Dis1 Antidiyabetikler ve Nanoteknoloji
GLP-1

Fig. 3 - Representative transmission electron microscopy images of the (A) anionic, (B) nonionic and (C) cationic CLP-1
formulations. Reprinted with permission from [51]. Copyright 2009 Elsevier B.V.
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Fig. 4 - (A) Blood glucose response after loading with 2 g/kg glucose and treatment with saline solution, GLP-1(7-37),
GLP-1(7-37)-Lys(PEGCys)-NH, and GLP-1(7-37)-Lys(PEGCys)-NH, conjugated to AuNPs and (B) AUC obtained after data
analysis from Fig. 5. Reprinted with permission from [55]. Copyright 2016 Elsevier B.V.

Simos YV et al. Asian Journal of Pharmaceutical Sciences 16 (2021) 62—-76
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Fig. 7 - (A) Glycemic profile of TZDM-induced rats after oral administration of phthalate buffer solution (control), GLP-1 iDFP4
solutdon, H-PGLA particles, H-PGLA -GLP-1 particles and H-PGLA-GLP-1 iDPP4 particles and (B) AUC for a period of 6h after

oral administration. **F < 0.001, as compared with the H-PGLA-GLP-1 iDPP4.
Copyright 2016 The Royal Sodety of Chemistry.
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Fig. 8 — Effects of the free MH solution or MH loaded
niosomes on blood glucose levels of STZ-induced disbetic
rats.

Taylor and Frands.

Simos YV et al. Asian Journal of Pharmaceutical Sciences 16 (2021) 62-76



Nano Teknolojinin Kullanildigi Diger ilaglar

Gliklazid; niozomlar ile ilacin dolasima surekli
salinimi saglanir

Gliklazid salinimini uzar ve hipoglisemik
aktivitesini artar

Metformin; niozomlar kullanilabilir
llac salinimi uzar ve etki artar

Pioglitazon ve Repaglinid; nano-formulasyonlari
yapildi ve daha etkili bulundu

Eksenatid; nano formlari ile oral verilebilir ve
etkisi subkutan formalardan daha uzun olur

Vildagliptin; nano formiller, normal
formulasyona gére daha uzun etkili
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Fig. 10 — Glycemic profile of diabetic rats following the oral .
administration of CS-NPs, CSK-CS (1:1) NPs, CSK-C5(1:2)
NPs (20.0 pg/kg exenatide), exenatide solution (7.5 pg/kg),

]
Time ()

Fig. 11 - Plasma exenatide level in diabetic rats following

physiological saline and SC injection with exenatide the oral administration of CS-NPs, CSK-CS (1:1) NPs,
solution (5.0 pg/kg). CSK-CS(1:2) NPs (30.0 pg/kg exenatide), exenatide solution
Copyright 2015 Springer Nature.

(50 1U/kg), with SC injection with exenatide solution
(5.01U/kg) used as positive control.
Copyright 2015 Springer Nature,

Simos YV et al. Asian Journal of Pharmaceutical Sciences 16 (2021) 62-76



Nanotechnology in Nanocarriers employed
1-Implantable Sensor q\;h { o e
N - o+
Lo Dbt Ohame g Bimad Diom wve ot law & el Cert @ (o
o P t\
v AR Lt W Fhormcerce
- X / Lipessemes Pelymeric NPs Gedd NP
oy o ot A
2. o 0 ’_“,,L‘
E i . K‘—-\ -~
o« e
B9 oo recopritios sment - Fy
O Raeter ecleodes Deadrimers
2- Microphysiometer 4
Applications
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docuile ciearnde 1. Oral Insulin
2. Inhalable NPs
Indet * Owtlet
3. Artificial Pancreas
D Device System
Oectrodes . N g
4. Nanopump Artificial Pancreas Device System

Mohsen AM. Current Drug Targets (2019), 20:10; 995-1007



Yapay Zeka
* Bilgiyi analiz eden sistemler ve metodlar
olusturmayi amaclayan

* Cok cesitli uygulamalarin derinliginde
karmasikligin cozilmesini saglayan bir bilgisayar
bilim dahdir

e 1950'lerde gelistirildi...

Ancak bunu mimkun kilmak icin;

* Bilgi islem guclndeki ilerlemeler
e “Blyuk Veri” patlamasi

* Bugln poptuler hale geldi

* Yapay zeka; akilli makineler ve programlar yapma
muhendisligidir



Yapay Zeka (YZ) ve Diyabet

Yapay zekanin diyabete uygulanmasi mimkun ve arzu edilir bir
durumdur



Diyabet Bakiminda Kullanilabilen Teknikler

e Vaka Bazli Coziimleme: Benzer gecmis olaylardan 6grenmeye dayali yeni

sorunlari cozmek icin bir YZ teknigidir, diyabet yonetiminde yaygin olarak
kullanilmaktadir.

* Makine Ogrenimi ve Derin Ogrenme: Diyabet bakiminda dijital destek
olusturmak icin cesitli makine 6grenimi surecleri kullaniimistir.

» Support Vector Machine

» Artificial Neural Network

» Naive Bayes

» Decision Tree

» Random Forest

» Classification And Regression Trees
» K-nearest Neighbor



Vaka Bazli Coziimleme
-The 4 Diabetes Support System-

ther | Pulblizhe 1
An artificial intelligence decision support system for
the management of type 1 diabetes

hale 5 Tyler & Clara ML Mosquera-Lopez, Leah M. Wilson, Robert

Abstiact

Typeldiabetes (T10) is characterized by pancreatic beea cell dysfunction and insulin
depletion. Over 40% of people with T1D manage their glucose through multiple injections of
long-acting basal and short-zcting belus insulin, so-called multiple daily injections (MDA,
Errors in dosing can lead to life-threatening hypoglvcaemia evenes (<70 mg i~y and
hyperglycaemia (150 mg dIL, increazing the risk of retinopachy, neuropathy, and
nephrapathy. Machine learning (artificial intelligence) approaches are being harneszad to
imcorporate decision support into many medical specialties. Here, we report an zlgorithm
that provides weekly insulin doszge recommendations to adules with T1D using MDI
therapy. We employ aunique virtual platform? to genarate over 50,000 glucoss
observations to train a k-nearest neighbours* decision support system (KMNN-DSS) to
identify causes of hyperglycaemia or hypoglycaemiz and determine neceszary inzulin
adjustments from 2 220.of 12 potential recommendations. The KNN-DSS algorithm achieves
an overall agreement with board-certified endocrinologises of 67.9% when validated on real-
world human data, and delivers safe recommendations, per endocrinclogist review. &
comparisan of inter-physician-recommended adjustments to insulin pump therapy
indicates full agreement of #1.2% among endocrinologists, which is consistent with previous
measures of inter-physician agreement (41-43%)%. Insilico®€ benchmarking using a
platform accepted by the United States Food and Drug Administration for evaluation of
artificial pancreas technologies indicates subseantial improvement in glycasmic cutcomes
after 12 weeks of KNM-DS55 use. Our data indicate that the KNM-DES allows for 2arly
identification of dangerous imsulin regimens and may be used to improve glycaemic
ocutcomes and prevent life-threatening complications in people with T1D.
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RESEARCH ARTICLE Open Access

Application of support vector machine modeling
for prediction of common diseases: the case of
diabetes and pre-diabetes

Wei Yu', Tiebin Liu, Redolfo Valdes, Marta Gwinn, Muin J Khoury

Abstract

Background: We present a potentially useful altemative approach based on support vector machine (SVM)
techniques to classify persons with and without common diseases. We illustrate the method 1o detect persons
with diabetes and pre-diabetes in a cross-sectional representative sample of the US. population.

Methods: We used data from the 1995-2004 National Health and Nutrition Examination Survey (NHANLS) 1o
develop and validate SVM maodels for two classification schemes: Classification Scheme | (diagnosed or
undiagnosed diabetes vs. pre-diabetes or no diabetes) and Ulassification Scheme Il {undiagnosed diabetes or pre-
diabetes vs. no diabetes). The SVM models were used fo select sets of variables that would yield the best
classification of individuals into these diabetes categories

Results: For Ulassification Scheme |, the set of diabetes-related variables with the best classification performance
included family history, age, race and ethnicity, weight, height, waist circumference, body rnass index (BMI), and
hypertension. For Classification Scheme I, two additional variables—sex and physical activity—were included. The
discriminative abilities of the SVM models for Classification Schernes | and Il, according to the area under the
recelver operating characteristic (ROC) curve, were 83.5% and 73.2%, respectively. The web-based toolDiabetes
Classifier was developed to demonstrate a user-friendly application that allows for individual or group assessment
with a configurable, user-defined threshold.

Condlusiens: Support vector machine modeling is a promising classification approach for detecting persons with
common diseases such as diabetes and pre-diabetes in the population. This approach should be further explored
in other complex diseases using common variables.

BMC Medical Informatics and Decision Making (2010),10:1;16
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ing from the 5H-5VM wpproach.
{03P) stores the EHE. duta in Netmedice tesha (NMIED Clood platform.
The FIMMUOG dataset 5 composed of three different helds: demo-
monttoring and climical. The related features were used for
tramming the SH-5%M model and providing a 120 prediction.
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s Uverview of the Decision Support System (D55) architeciure

Support Vector Machine

JOURNAL OF IEEE BIOMEDICAL AND HEALTT INFORMATICS

Discovering the Type 2 Diabetes in Electronic
Health Records using the Sparse Balanced Support
Vector Machine

Michele Bernardini, Luca Romeo, Paolo Misericordia, and Emanuele Frontont, Senior Member, TEEE,

Abstract—The dizgnosis of Type 2 Diabetes {T20) al an early
has # key role for an T2 i |

and patient’s follow-up. Recent years have witnessed

an incressing amount of availabh lectronic  Health Record

(EHR) data and Machine Learning (ML) techniques have been

complications [2]. Moreover. diabetes is the major cost on the
economic balances of national health sysiems (IDF indicates

for the wi
of diabetic patients equal o 11.6% of the wtal world health
Tittre).

r 2015 a level of expenditure for the treatment

considerably evolving. However, and this
amount of information may lead to several challenges such
as overfitting, model interpreiability and computational cost.
Starting from these motivations, we introdoced 3 ML method
called Sparse Bulanced Support Vector Machine (SB-SVM) for
discovering T2D in a novel collected EHR dataset (named

exf

A more efficient integrated management system. including
General Practitioners (GPs) and specialists with multidis-
ciplinary skills, could be a valid solution 1o alleviate the
healthcare costs while preventing diabetes-related diseases

I'he CGemnmeral

FIMMG dataset). In particular, smong all the EHR features (2.2 diabetic retinopathy. renal diabetes). Almost all GP
related (o exemplions, examination and drug prescriptions we
have selected only those collected before T21) disgnosis from a

- F suhjects. We demonsirated the reliability

outpatient clinics are now equipped with EHRs storing the
health history of the patients as well as several heter
information (i.e. demoerashic. monitorine. lifestvle.

JUTES

it P i i

Wakokaitn

CTTITLIL)

Traising: Wulicsbon

w
Himafiiag Fhvedioin Dross Vakasian

([O000 T]

Fig. 2z Owerview of the 5B-5VM model architecture. A Tenfold
Cross-Validation procedure was executed. The optimizanon of the
5B-5VM hyperparameters was performed implementing a grid-search
and optimazing the macm-recall score in o pested stratibed Frvefold
CUross-Validotion. Hence, each sphit of the outer loop was tramed with
the optimul hyperpanimeters tuned in the mner boop.

Practitioner

IEEE Journal of Biomedical and Health Informatics(2019), 99:1;1



Artificial Neural Network

|

A Deep Learning Techniques for

AC;\I-_;_IH_‘;\_HL . " :
mess  Biomedical and Health Informatics
2020, Pages 327-339

i

" Expert Systems with Applications
Volume 39, Issue 1, January 2012, Pages 54-60
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14 - Diabetes prediction using Diagnosing diabetes using neural
artificial neural network networks on small mobile devices
Nitesh Pradhan ®, Geeta Rani ®, Vijaypal Singh Dhaka *, Ramesh Chandra Poonia b Opuz Karan * & &, Canan Bayraktar > &, Haluk Giimiiskaya b= Bekir Karlik <&
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Deep Learning Techniques for Biomedical and Health Informatics
(2020), 327-339

[ | [ | [

Expert Systems with Applications (2012,39:1;54-60



UYGULAMALAR

Otomatik Retina Taramasi

Klinik Karar Destegi

Tahmini Nufus Risk Siniflandirmasi
Genomik

Hasta Self-Monitor Araclari

Tele Saglik Uygulamalari

Diger Cihazlar (Diyet ve Egzersiz)



Otomatik Retina Taramasi

* FDA, dijital retina goruntuilerini analiz etmek ve retinopatinin
erken saptanmasina yardimci olmak icin bir Yapay Zeka
algoritmasi kullanan bir cihaz olan IDx-DR'yi Nisan 2018’de

onayladi

* ADA diyabet bakiminda yapay zekanin kullanimini
desteklemektedir

* Diyabetik retinopati ve makuler 6demin tespiti icin otonom
yapay zekanin kullanimini kabul etmistir



Yapay Zeka Kullanan Software Programi
IDx-DR

IDx-DR for Diabetic Retinopathy Screening :

[Bror SrrinT B COMMENTS

MARGOT SAVOY, MD, MPH, FAAFF CPE, Lewis Katz Sc tedicine at Temple Univarsity, Philadelphia,

Pennsylvania —
- ERTTTT TeeeT |
Am Fam Physician 2020 Mar 1;,101(5):307-308. — 0 )

|D%-DR 13 3 software pro

gram that uses artificial intelligence (A1) to analyze retinal images taken with the 23y . 10x-DR Analysis Report

Toepcon TRC-NWA4GD, a fully autorated nonmydriatic retinal camera desic o i e~
images of the retina and the anterior segment of the eye -t v ..
Administration for diabetic retinopathy screening in aduits - o

TEST INDICATION FPOPULATION, AGE RANGE AND FREQUENCY COST

" o § b .t SO Sy e gt o

IDx-
DR

years and older with diabetes Patient 5107
/horhave no history of diabetic Practice

ratinopathy retinopa

The Topcon TRC-NwW400

Annual unless retinopathy d

Camera costs approxima

$15,000 to $22,000

charged per aralyzed image is

unavailable)

*—Payment rate according 1o Healthcare Bluebook and Lombart Instrumant Co.

T—This is the population indicated for |Dx-DR software use. It 1s not indicated for diabetic retinopathy
scresning in genaral



BM) Open Use of smartphones for detecting
diabetic retinopathy: a protocol for a
scoping review of diagnostic test
accuracy studies

Choon Han Tan @ ,! Willie-Henri Quah,? Colin S H Tan,® Helen Smith,*
Lorainne Tudor Car’

To cite: Tan CH, Quah W- ABSTRBACT = 2
H, Tan GSH, et al. Use of Introduction Diabetic retinopathy (DR) is a common SUSIEE SRR -
smartphones for detecting microvascular complication of diabetes mellitus and the S T i e e e

diabetic retinopathy: a foadli s B - ;
h ng cause of impaired vision in adults worldwide. Early e int "
peatocol for a G detection and treatment for DR could improve patient s e o :

iew of di tic test = ; : ophthalmoscopy
::':ﬁ::ﬂ? ﬁig }I;‘:Mj Open outcomes. Traditional methods of detecting DR include the « ﬂum mhhmﬁwmmm“mhaﬁm—
2019:9:e028811. doi-10.1136¢  90ld standard Early Treatment Diabetic Retinopathy Study cians in rural or resource-constrained settings with
bmjopen-2018-028811 saveq: Ekmdant ke imvkn phatonrpiy, ophitamoecopy fimited access to standard diagnostic approaches

and clit-lzmn hinmirrnecrnnu Thess mindalifise ran ha

BMJ Open2019;9:e028811



Klinik Karar Destegi

Tip 2DM’lilerde insulin sonrasi kisa ve uzun vadeli HbAlc
vanitini tahmin etmek icin

Makine 6grenimi tabanli klinik karar destek araclari gelistirildi

Hastanin HbAlc yanitini etkileyebilecek degiskenleri de
tanimlar

llac tedavisine uyumu diizenler

Hastaneye yatma riskini tahmin etmek icin bir yaklasim
gelistirebilir
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RESEARCH ARTICLE

Development of a clinical decision support
system for diabetes care: A pilot study

Livvi Li Wei Sim’, Kenneth Hon Kim Ban’, Tin Wee Tan', Sunil Kumar Sethi®,
Tze Ping Loh®*

1 Department of Biochemistry, National University of Singapore, Singapore, 2 Department of Laboratory
Medicine, National University Hospital, Singapore
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Fig 1. A screenshot of Computerized Patient Support System 2 showing the HbA,; result of a patient
as an example. The left panel displays a list of all the historical laboratory and radiological tests ordered for a

patient. The right panel displays the results of the individual test order on the left panel.

PLOSONE (2017), 12(2):e0173021.
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Tahmini Nufus Risk Siniflandirmasi

Makine 6grenimini kullanan saglik hizmeti 6neri sistemi
* Hastanin yasam tarzini
* Fiziksel saglik faktorlerini
* Zihinsel saglik faktorlerini
e Sosyal ag faaliyetlerini
analiz ederek diyabete yonelik hastalik riskini tahmin etmeye
yardimci olur

* Diyabetiklerde komplikasyon gelisme olasiligina iliskin tahminler
olusturmak icin tahmine dayali modeller olusturulur

Bu tir bircok model diyabetin;

 Hem uzun vadeli (6rnegin retinal, kardiyovaskuler ve renal)

 Hem de kisa vadeli (6rnegin hipoglisemi)

komplikasyonlarinin gelisimini tahmin etmek icin gelistirilmistir

e Ayak goruntulerini yorumlamak ve diyabetik ayak ulserlerinin gelisimini
degerlendiren mobil uygulamalar vardir

 Gestasyonel diyabetli gebelerde tip 2 diyabet gelisiminin tahmini icin
modeller vardir



The Machine Learning help fight

Type 2 diabetes.

F
T

DiploDoc May 12 -

Traditional Risk Prediction Models

* Successful Examples
* ARIC
* KORA
* FRAMINGHAM
* AUSDRISC
* FINDRISC
« San Antonio Model

* Easy to ask/measure in the
office, or for patients to do
online

* Simple model:
can calculate scores by
hand

ol Pimsah Disheos Aamecuton
TYPE 2 DIABETES RISK ASSESSMENT FORM
che T FgAE altermativy i sk wp yoo Pl

e Mt pou ever IAhem aatl Ipgertessio
st e sespelanly !

Under 45 yoary
I A5S4pen
S5t eary

Features used in models

Service place
[urgent care, inpatient,
outpatient, ..}

e

Specialty of doctors seen
Health insurance coverage

Madications taken (999 features) Procedures performed
{laxatives, metformin, antl- (457 features)
arthritics, ...}

Laboratory indicators 16,000 ICD-9
(7000 features) diagnosis codas
{all history)

(cardiology, rheumatology, ...)

Al history 24 manth & month
history history

Demographics (age, sex, eic.)

Total features per patient: 42,000

MIT 6.5897 Machine Learning for Healthcare,
Spring 2020- Lesson 4 & 5 Risk Stratification
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Deep Learning Classification for Diabetic Foot
Thermograms *

= "0 50 20
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Israel Cruz-Vega ', Daniel Hernandez-Contreras 2, Hayde Peregrina-Barreto ¥,
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Figure 5. Fuzzy sels of the segmentation process in a DM fool with the optimal value of two
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Figure 1. Images of the five level grades of the thermograms.
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Figure 2. Aulomalic segmentation process Sensors (2020), 20;:1762; s20061762



Genomik

Genom Calismalari ;

* Diyabete genetik yatkinligi belirleyen, potansiyel 400’den fazla sinyal
tanimlamistir

 Noral Network Modeller ile pankreas adacik hicreleri icin;
 Coklu genom haritalamasi
* Diuzenleyici epigenomik calismalar

vapilabilir

Mikrobiyal Belirleyici Genlerin Mikrobiyom Verileri;
* Diyabet gelisme olasiligini tahmin etmek
* Dogrulanmis diyabeti olan hastalarda tedaviye rehberlik etmek icin kullanilabilir
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Fine-mapping type 2 diabetes loci to single-variant
resolution using high-density imputation and
islet-specific epigenome maps

We expanded GWAS discovery for type 2 diabetes (T2D) by combining data from 898,130 European-descent Individuals
(9% cases), after imputation to high-density reference panels. With these data, we (1) extend the Inventory of T2D-risk
varlants (243 locl, 135 newly Implicated In T2D predisposition, comprising 403 distinct assoclatlon signals); (Ii) enrich discov-
ery of lower-frequency risk alleles (80 Index varlants with minor allele frequency <5%, 14 with estimated allelic odds ratio > 2);
(ill) substantially Improve fine-mapping of causal variants (at 51 signals, one variant accounted for >80% posterior probabliity
of assoclation (PPA)); (Iv) extend fine-mapping through Integration of tissue-specific eplgenomic Information (Islet regulatory
annotations extend the number of varlants with PPA =80% to 73); (v) highlight validated therapeutic targets (18 genes with
assoclations attributable to coding varlants); and (vi) demonstrate enhanced potential for clinlcal translation (genome-wide
chip heritability explains 18% of T2D risk; individuals in the extremes of a T2D polygenic risk score differ more than ninefold
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effect sizes iIn BMI-unadjusted analysts are shown In blue. Circle diameter functional credibla set, thus giving a total of 73 varlants with PPA >80% in either.

Is propartional to -log,, heterogenelty Pvalue (two-talled test). Inset
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Hasta Self-Monitor Araclari

 Kendi kendine yonetim, diyabet tedavisinin anahtaridir.
Yapay zekanin ortaya cikmasiyla birlikte hastalar;
» Kendi diyabetlerini yonetme
» Kendi parametreleriicin veri Gretme
» Kendi saglik uzmanlari olma
yetkisine kavustu.
Artan farkindalik:
 Dijital platformlar diyabetlilerin hedeflenen egitimine olanak tanir
 Web tabanli programlar
e Cep telefonu ve akilli telefon uygulamalar



Hasta Self-Monitor Araclari

Kendi kendine tedavi:

* Yapay zeka diyabetlilerin diyet ve aktivite icin gtinltk kararlar
almasina izin verir

* Uygulamalar, hastalarin gida aliminin kalitesini ve kalori degerini
degerlendirmesine izin vermek icin kullanilabilir

Dijital terapotikler :

 Dijital kogluk; bir uygulama araciligiyla dijital bir midahale
(FareWell)

* Tip 2 diyabetli 118 kisiye 12 hafta telefonla destek verildi

e Calismanin sonunda katilimcilarin % 92’sinden olumlu geribildirim
alindi.

* One Drop Mobile uygulamasi; kendi kendine bakimi izlemek icin
diyabet destek programi

e 1288 tip 1 ve tip 2 diyabetli hastada 4 ay boyunca denendi
HbAlc'de %1,07 ila %1,27 mutlak disus bildirildi.
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BUSINESS

OF LIFE STYLE MEDICINE

Mark A. Berrman, MD, Kevin J. Appelbaum, BSE,

Katherine L. Edwards, FNP-C,

David M. Blsenberg, MD, and David L. Katz, MD, MPH

FareWell and the How of Lifestyle

Abstract: The what of Lifestvle
Medicine, including a whole foods
diefary paitern, bas been well
esiablished, but the how bas remained
glnsive. How do we apply wival we
ko in a cost-gffective and widely
accessible manner lo brevent. treat,
and even reverse chronic disease?
Oper the decade abead, we beliere
ibe field of Lifestyle Medicine and
the peotile who nmeed 1 most will
benafil from adaressing the how,
Thix article summarizes the founding
and operational frrviciples of
FareWell Inc. - a digital therapeniics
combany larpeiing ifesivie-relaied
cardiomelabolic diseases. We outline
ogir crrent iise of mobile bealtb
fechrofogy arnd artificial imteffipence
and describe onr early clfmical
exporience, business model. and ey
anticipaied challenpes.

Medicine

including advanced coronary anery
disease, type 2 diabetes, hypertension,
hypetlipidemia, and early-stage prostate
cancer.”” Despite these advances, access
to lifestyle medicine interventions
remains low and chronic disease rates
continue to rise globally. This reflects

intermet aocess, wearable devices, machine
bearning, and online social communities,
Similarly, the development of the heaith
coaching profession provides an army of
relatively low-cost health care
professionals that can facilitate behavior
change in a patient-centric model.

! Over the past decade, new
technologies have emerged that
may enable more scalable, cost-

effective lifestyle medicine models. i

both the potency of the rool causes—the

physical and cultural environment that
produces chronic disease—and the
difficulty in scading lifestyle medicine

models of cane. Several barmers o scaling

e T P e L

Digital Therapeutics
Target Chronic Disease
Through Diet and Lifestyle

At FareWell, we are creating novel digital

Y AR PERSSNEL FUP || BN EE SRR SR |

American Journal of Lifestyle Medicine (2017),11:4, 314-7



Research Article

Design and Development of Diabetes Management System Using
Machine Learning

Robert A. Sowah ,l Adelaide A. Bﬂmpﬂui:—z’al.l.ldl:l,l Stephen K. Arnmn,l Firibu K. Simi.iﬂ,1
Francis Gatsi,” and Baffour Sarkodie-Mensah'
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TABLE 1 | Exampies of tha most representative publications on Al applied to diabetes education.

Method Application Description References
SV Diabetes prediction SV are recentty one of the most popular and flexitda ML algorthms used for classification, they are (24, 26)
ML baing usaed to discover valuable knowiadge from large databasas such as to test the feasibility of using
data collectad in alectronic medical records for development of offective modals for diabetes risk
forecasting. But the approach is tolerant toa raasonable number of false positivas.
ANM Dist Guidanca The most widely usad techniques are artificial noural networks (AMNMNs). AMN are based oninforconnected (28, 30, 32, 33)
DL Retinopathy assessmont neurons, that maans, the human beain function. A deop learning aigosithm ({DL), can ba considarad and (50, 61)
Exarcise guidance evoiution of ANN. For example, based on tha techreques. of ANN, then proposed a rogressson moddl that {34
could be usad to automatically analyze the exarcise levels of patients waanng accalarometers and heart
monitors and monitor changes in giucoss levels that occurred whils the sublects were exarcising.
CER [nsulin dosa Casa-basad reasoning (CBH) is usad fo calculate an indvidualized nsulin bolus using an insulin (38, 41)
recommendation intravenous bolus calculator, thereby achieving optimal glucosa levals in patients and oplfimizing insulin
treatment. CBR leams from expanances of past similar meals, which are descrbed n cases through a
sat of parameters (2.0., tima of maal, exarcizs). Howewvar, there are soma limitations of CER, az its
application needs to get a large sample s7e and is ofien axcessively tme-consuming.
EA Blood =ugar monitoring A simuiates natural selection by creating a population of indhaduals (solutions) for optimization (43, 44)
Foot ulcer prediction probiams. Recantly this tachnique i applied on the early datection of oot ulcers. This methodology (52, 63)
imsolves throo steps: sagmentation, geometric transformation, and asymmetry analysis
FL Hypoghyoamia detaction ES =re dafined as systems with the ability to capture axpert knowledge and facts. Fuzry systems are one (40, 45)
ES Peripheral meuropathy of the most common ES usad in the fiold of disbates. It is a now version of axpart systems that usas 54)
fuzzy logic for data processing and a seff-adaptive learning aigorithm.
o1 Digbetes managemant DT is most often created based on a learning algorithm. By recording information an dist, exarciso, (46, 48, 49}

pharmaceadical use, and blood sugar levels, tha apphication of DL in the systems can combine patient -
and physician-support toos for the purpose of Improving disaass outcomes.

Li J et al. (2020) Front. Public Health 8:173
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Fig. 2 Deepn phenotyping and aificlal Intelligence for heafth promotion and cheonic disease prevention. Deap phenotyping peovdes &n enthe
rmcfecular profile of an ndhvidual’s phvsiological status. When longiudina®y tested, the pattweays can be tracked to sdentify the trensformation
frorm a headth to 3 disease. Vartouws omécs technologies along with other physicboopcal measurements will be used to moleculasly charactarlne

art Indhddual risk for disease, Further Implementztion of 3 systems approach to the big-data analysls and integration will provide 2 platform for
rmiachine karning and artfidad intefioence in cinical dedsion-making for easly disease risk identfication and presvention







