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Abstract

Diabetes in its main categor idcet,ermminred d Uy

di fferent factors and characterized by se\

a complex disease and whose burden is cont
has been given by the introductiitomr ionfg de
(CGM), which recH6rdiguyesesmi aneaddytion, tF
di sease includes pharmacol ogical therapy \
secretion, i nvolves exogenous admimgistrat
i njections or infusion pump. Over the year
alternative and | ess invasive routes of

i nsul in. Still, the gap between tanred pot en
their actual devel opment is stildl l arge a

di abetes field.

I n this context, the objective eof the r
based arbd sfeadd tduavtean approaches to devel op
technol ogies aimed at i mproving the diseas
andetapy. This research question i s expres
that have been applied starting from two
standard clinical data and CGM dat a.

Af ter briefly i ntroducing di abetes p a
treat ment , Chapter 2 is dedicated to the
modeling methodol ogies that have therefor

par ameters cflrioom csatla nddaatrad (i ntravenous and
al so exploring regularization techniques
be shown -baséd mpadeédmeters allow per se t
pat hophysiolody @fuadnitabheatte yedryd assess phy:
i nsul in Ucleddr ainncsey,l in sensitivity) Il nvol v

progression.



Chapter 3 investigates taleompeons siomieldi t vy
clinical data and c edmbiivneinn gmentohdoedloilnogg i &@rsd td
digital prevention framework in the field c
greater risk of type 2 diabetes pr-ogressior
bsaed features it wild.l be shown what are the
the progression.

I n the case of CGM dat a, characteri zat.
extracti-oaml bédt hmespics". Given the |l ack of
4 aims at standardizing the calculation of
d fferent software solutions (13 in total)

research.

Then, i n Chapter 5 the potenti al of su
formul ati édmsefd fmaathume | earning approaches
an integrated diabetes prevention/ manageme
di agnosiy iadanteafrilcati on of complications

management o f open problems related to rep

from hemodial ysis) and to insulin therapy (
| eading toomheff ar ieldatcated metric called
Chapter 6 relies again on the use of mat
field of phar macol ogi cal therapy, particul
problem of guanti fying t he exogenous i ns
(bi oavailiabiilliictoy )appAnoach based on dynamic
using meal tol erance test data foll owing i
Chapter 7 summarizes the main findings, toc¢

devel oopment s
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1.0l abetes devel opment and

1l ntroducti on

Di abetes is a chronic metabolic disease ¢
glucose that occurs when the pancreatic be
|l ose the ability to adapt to thea skagrsee o0
Nowadiaty sathdreettshan 463 miplrleivahsepeepé et adc dt

riseg to 700 mill Mome pee®mp, ef li mc t2Watsi.ons i n
characterizing diabetic patients are stroc
complications, t hus i ncr éadadbongfitgd obati
expenditure is spent on diabef @FBorf otrhias t o
reason, an early detection of the diseas

optimi zed management i S cdeecbgen gtbeé @h n dlno grieec

new devices, drug delivery systtehires el dnd s
andt armpidodgi abetes MHawagement he gap bet wee
of innovative digital heal th solutions an
very | arge and has not yet crosseTldhitshe nun

chapter aims to briefly describe diabetes
giving an overview of newly developed diahb

with the context in which the thesis is ir

1. Di abetes devel opment and progressi

Di abetgasouipstodbol sch alrn asectassrei zed by the pres
of glucose ian ctome i bhliyapoedr Ign@hermeomaisc hyper gl yc
i's associated with etrhme ccbanwd li cpma rotn so fd uleo nt g
failure of Idn fHealetnhy oirmgdiinsi.dual s, insulin
regul ation of bl ood glucose homeostasi s,

transport from the blood toTheat hnoagienni gl u
procsesaste t he basi s aff ediselvetraad ad ep@inap e tf
i nnsul i nbyefecheeltlisonof ttohheel paner easi stance t



Il ntroducti on

of i nstuehisml §n redaelstt@ameced manal i hrom t he bl o
i nsal ear[&2Afbe) i mpai r ment of one or more of
to hyperglycemi a.

The standardclcirdii @aglina s f e r obfahseeida boent etsh ea r
eval uatthieonl gVfals snao(fPlQ)cedsteher i n (fFRaAPMENi ng conc
22hours after the admini st 2hGdownr iorfg aa v 50rga la
Glucose Toler abhaes clle ®MPY(fO@GT y)cat edl h)emogl obi
an established biomah&eAmerfi cgadnucbisab ectoenst r A

(ADAPpt the di agmossiasseofofdioamleetods t hese crit e

[ 3]

o

.FPG O 1260 m@/ damol /L), with 8 o
i ntake;

2FPG O 2000tmgAdmmol /L) during al
.HbAlc @ @6. 5mtmo |l / mol ) ;

4. random PG Q@200 mgwodl L) in pres
of hyperglycemia or hyperglycen

w N

Classification of diabetes ifanbdéé®dsiomt ypes
ot hheost commommrd tofpashe main complications tF
this ciomdrelemant for the purpoden dfhet he t

foll pairagr aphs

1. 1Type 1 diabetes

Type 1 di akeatoausnt (sTAUW)ro ft hael I5 di mbehkyg dases
tam@mut oi mmwurcd i on of t he bdoedsyt rwihcitlegidhe hr lessfu |tthse
of the AMAlatnlcawghs .t his type of di abetes was
commonly known that it $henbeotfb itHeheelt s cur at
secrasalin tramplosseboill mtiont aro melogd d sglsuco
resulting i rExlbyeearmalsy cme midani ni strati on i s t
to maintain glucose pry®i ol aasg ecd b seco Llarst groascs
hyper glHpoovemnesru,l iinegxdpooss R s@gmhioslka of gl ucose dro
criticB&70evregltsabdi ti ohybogWwycT@mndi ti on i s



1.0l abetes devel opment and

as
t e
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1.

Ac
di
di
b u
de

i n

sociated with a higher risk of morbidity

rsmmptoms 1 .e. , confudilauamyrekhonsds sebhzoaoers:/
icehn audmsmperbxeei es causing .anxiety to the
1Tgpe 2 di abetes

pe 2 (dTi 2aDyentee smo s tf ocroormnoofn di abet €5 % accour

al | diaankad tf eec t ¢ @B % boofutt he worlfd]adult
though it is more common in adults, al soc
e first stages of the diseahechr e nchanra

ads to the progbesbivenstowsenh$teabegqadn
per gl ycOsaphhersi ol ogi ctal antapyr oces s eI 2D v ed i
thophgseée of ogyexampl asabmnor chdelariiase sued upa3l]l.
eceded by apredidabdahoarsacalelradz edn biyhdéype!
r nmpoafi ried fasting glucose, defined as PC
9 mmol /impaame/dorgl ucose htP&l @druan g, ade fGGI
om 140 to 199 mg/dLanfdirom HbA&1d of 1dmO05 m
rom 39 to 48t mimbl|l Aonbl ) e c & gwiiistziahasmeda s di a
e risk forf 2ilts devel opment

1G8stational di abetes

cording to the mestatriecrealti dliedb altidgasbeh ©|
agnosed in the second owagds hnod ¢tFremebkye
a bpertieosr t o gest atsiuaand .l yThriess od ovredsi taitornt he e
t expose®s awhinegpixererriiemkcet dt again in oth
velop T2D [ &8iteri 9 ns ttrhaeii gltett fed raw aarad i toma to ft
fluencing devdlempneeDatl sof 4Tazl eltiegmti no m g

tihs coaddtponenti al |l y adcdpeslewentei conp paorrd utnri
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1.

It
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1 Mdt urointsyet di abetes of the young

i's I mportant to have in mind that I de

raightforward. An exampl e conud dt beki abhatte
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of the young (MODY) who are commonly misdi
MODY is a fowhhm oH acabtmesff ad It e abet es ca

characterized by i mp dar mestdcases n sou minimal s ecr et i
impairmentini nsul i,mei@ng idwre to i nherited abnor mal.i
| oci ¢ a ubdreet I di sfunction and subsequent hyp

early age. The mhepatepypteedutlodl@DYhaet or (
3) HAFMODY HNHRband Gl ucokiMO®D¥e ((MGHM)] 2)

Among all, MODY 2 is ligehgetiotdbemmiddhuppgeno
i's often detecEsgpgedunrmilhy pmeghascyatter cas
through genetic screening, is cructal since

| owering therapy patients @are free from dev

1.1Cbmplications of diabetes

The maicrompdutceat i amsc |loufd ed itahbee tpersevi ousl y def

=y

igh and | ow blyopoed gy geemiheg,poigl § c e miha, res,|
ogether with other conditions that represc¢
etoacidosis (DKA) and hyperosmol ar hyperg
onditions of vewhyanhe gthuibll dwp @ff uxzoiseki ¢ ket

at stores are burned tDKAan@oaumeet acdbrodri gy . I
robhsadasd ctoona o HH&eatsh.a medi cal emergency W

o patients with T2D and is primarily char a

o — O

00 mg/dL) and severe dehydration.

On the oyperghgecemilm condition is associ
f Jdt@emogn c hcroommpilci cati ons due to dysfunction
rganlsbegm complicadrie®nss wdl Idy adiexieded i nto
nd mi crovascul ar. Macrovascul ar complicat
i sease andthea wtsermeirlouprhee r a | arterial and
i seMiscer.ovascul arncbmgéi caetiaongashgaw;i th po
ephropag hyofeabalhe,; peripher al neur opathy

mputations, and Charcot joints; and aut onc

Q 9 S5 o o 9 O O

enitourinary, and cardi ovascuMoaareoyempt oms
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emerging disorders have been recently idei
infections, functional and cognitjé&p disah

Among all the possible complications, &
aspect, the ones that wildl mainly be addr
and diabetic retinopathy; however, an over

1. Di abetes management and therapy

Di abetes management generally includes r €

together with the prescription of physica

treat ment for T1D, consists in insulin adn
GD &h or al medi cati ons fail t o achi eve t
admi ni stered via insulin pens or I nfusior

attempts have been made to find alternativ

and an iesx atmpadte of inhaled insulin, current
and produced by t he company MannKind. \Y
monitoring is of major i mportance since e

the risk of e xypceermieao qiiStep rfhpgo @ f bl ood gl
t hrough finger pricks or , t hanks t o t he
i ncreasingly performed via Continuous GI uc

ev

c

placed in the belly arouisn yt seampdm amd ewlsit
ery 5Dmtauted. description of such diabe
0

provided in the following paragraphs.

1.2Céntinuous Glucose Monitoring (CGM)

Over the past two decades, the advancement
mo
de

e
nitoring has | ed to the extensive use
v
transcutaneous nea@adlt e atappecadecirvenp|l amt abad ret
a
v

I cexa,rwavdin &athl e devices equippedi weth a r

that al | @agendatdd sgpdbabyhe devel opment and sp
de
ranges swalsini hering of bl ood glacesagl&MB

il ces, the most wused method for checkincg
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measurpanerhtt capi | | artyh &tl owas gpp eciomemede b day
SMBGdondéir ough &i nalffetterprprcikckrequit he fhegese
t pl aac es mé lodordop t op-sdfrigpet easntd to insert it i

order to see the punctp@Thill oned hpldowas e oco

caudiescoahor subpequepati ent i tempnaijaomcel i mit

howeverthe Iimpossibility to ensur@na conti
the conCGMTr gayrsed eanspabl e to provide measur e:
t hrougho,ute .tgh.e, deawehrey eb encitmnr uwtdesesmird e&ld 9 ean & chi

ubcut andaogwanstdiucsese t he glucose concentrati
ur rtehet anstna twhreirch | tsomet@atnae hpame bofar dwar
nd sometimes separabl eehhdemthlee i dif ®p ongaa b lo
X

ternal aocercwervtes tthheatsi gnal intal bbwed gl u

- 0o 9 O O

requent stlorowmgh of h &.adAthe deixcaariped de aopp sCGM sys

shown in Figure 1.

FiglireExampl e of integrated CGM sensor and transmit!
two different kinds of receivers. I n the middle the
https:// www. freestyle.abbott/

These devices faced progressive refinement
absolute relative difference | ower than 8%)
than 2 c¢cm), wéh4 idgyditme g rtoon Y80 days for
eaekt use. Thanks to that, this technology i
also in replacemefn®]to[.0Llén,dsefeddd, @l airtd hSaMBeG b e ¢
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ed among adults and adolescents with T1
pr¢dmgncy13], [.14], [15], [16], [17]
Main advantages of CGM technology rely
arms of impending risk conditions, and
njunction with others, e. g., I n the cas
egdentne the next subchapter among 1innova
abetes. Use of CGM technology has been
pain and discomfort in a cphd@8mtd withoun
ntroll ed glucose variabil[ilt9y and pati ent
.21 Bsudlhiemapy

Ssukinhe main hormone devoted to glucose
side opti maec retngde sb yatradenldl tsp amiceare abli @od
ncentr &Mhieoanthieses.i s an I mpagemeuns$s i nsutk
ministration is used to counteract hype
vels within a narrow range; in particul
eat ment2afhidr isluised in T2D and GD when ot
i to achieve ddelquntgerl2ginu oaegalmemmstor o |

mi c physiol ogy a<mvmsleows raasl pcoosmsp donl een tasn:d b

ually the sameowdiagest obalcakygr anerad @i me ul i
andns,u)utseedcover the intake of carbohydr
d whose amount is wusually manually comp

ing to beamodncametdctti meat nmyfe bgli ynge rbil & ¢
ucose back teo marsmalbfarseendg etsheu l@atpiypl e dali

injections (MDI)-aofi sBgbcosaheasalrkongglin

w h
co
p u
ra

ar

p e

irlagpaicd i ng-r apaicdlitnrga i nsul in can be admini
rrectiboonl uisnédssuldensei mdous i(nCsluh)e nwapmpynf usi c
mpscontinuous subcutaneous infusion comb
paicdd i ngariaad snu Ini. @u rerredwekt Inyostt di ffused 1 nsul
e recombinant human insulin or human i n:¢
MDI therapy can be administered throug
ns. The Inaotwt eirt sh new version, namely sm
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technol ogy that can take track of previous
communi cate via Bluetooth withaodhehedevi ce
it i s al so pcoessmsp wtlat itoon poefr ftorem r i gthtt em mount

a certainombkbatlteimleamktesd eclant eret thleoruswhat

concerns Cll therapy,, dmafifnelrye ncta tiengsourliizne dp uir
a fine external tube t hahntdhceo nmmaetcabls drh emipruimpy
where the tube is not present o08%i miergrishort
to smart pens, curimedtudiensuwllicnul paommps ahaao
personalized insulin to carbohydrate correc
bol[uws0]

As a further step toward technology, s el

can be obtained by combining pumps with CG
suspended when the dIGWMc odseet eaxrt sprl edvi cbtl so otdh a
decrease withi nMdrheowerx,t BY om mluitreisng CGM ai
with -cbopedl gorithms fed with CGM, me a | ar

forward have been made in the automation o
technol ogy al so known mrse diean tt # fdiogd rasilyds gcad moss ee
are available, that automatically deliver |
manual meal ti me insulind bcd-losssegds syH-bh emar aldbce

bwour self (DI'Y) systems have been devel ope

bodies, where the control algorithm i s wusua
be autonomously wused. H-b w eypsetise msf ud rl ey satuitlolme
devel opment and will expectedly be avail abl
1.2N8w insulraudesi very

Al t hough insulin is typically delivered by

admi ni stration apreer iatlosnoe auls edde liinvcelruydivniga i nt
currently available | 23]sgpmak m&Emnuarmnypyedal icwamy
i nhal ataipogm oved i n.QthheerUnattteedmpStsavtilrdadv e beer
transder mal , or al ,ankdutr ewittaltd udteil f & #&¢ hyisrego u t
[ 25] ,Th[e2G]i rst inhaled insulin was Exubera
di scontinued in 2007 due to the | ow sales
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powder acat irmgiidnsul in based on human i nsul.
for meal hi ;e 1l damsawmadadys itshe oot ynearnkheatl ,e di n n
the form of TechnosphereE Inhaled I nsulin

With respect to subcutaneous insulin d
advantbaegiengofnoni nvamsiadkdi tMoare otverl, ess burd
i nhaled insulin has demonstrated advantag:
treating patien[tad7]wilhex&E]L1Dnahdd&2B faster
anad more rapid pessirnl ¢ ot hbmgkeds alheedohear sur
that allow a rapid absorrpagduwmt iionn tihne tshyesti
of hypoglycemia and i mp[rdY]e,me[nBr0do,fu Hg3quicce m
phar macpoRKpleai macoBPnhamiecti es of TI has me
a valid alternative capebladot @ c miemif@ect het
shoul d have i n QOfesnpootnes,e ittos au snee ails. not re
respiratory problems or for people who s mc

1. 8nnovative digital Ihenalctahl tdeecchi nsa loc

Suppsoyrstt(edi8s i n di abetes

The big amount of ditabee tda SCIEIAt ad ngsufleir m t ppudm
artificial pancreas, raaids eod htelre weeaerda bal ned ttel
tdevel opddigit atteanbenaolltohgi es i n teme ofmpealsd i of
bodhgit al care and diTghiet aus et hoefr acpcerunt @ cctse ds
given the possibility to cltimiusianser dasir
telehealtbBeembnngotbobongever seClmentiahad!| itcr iiamps

re no | onger the sole sourteeyfardat aow

n Q

ppl emepwed| daynddataar t i f i ci al intelligence

~—+

u
ool for the development Adf sclairniedalt oabpl i
n

the predieatm ogn yaofe ms korethpagesot ot het b ma
ecision typically performed Hypwyop hwomah,n
eliverly38ystems

Besides artihfe cuisad @fanAlreaksotstarted
|l i festyle and behavoi praldi dectdieomi skuppdr td
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optimize treatments for people with diabet e
their earl y,obttrae ati algl es esvyteadad s, pea intumkee ro ud fc «

software solutions wusing CGM data in order
devel oped and achieved i mportant resul ts (
Digital therapeutic strategies ariedeal so i n
clinical decision support to tailor the dos

nedes and hehpBBh,Adflatftihrese tevhewlkdgimascadan b
decision su@EhDd»I), stylsatemgsual ly comprise a

cl i miecalsi on making, i mawhreecthr iienvde dv iadnuda | e vpaal
against evidence based rules, andhaismdt his c
CDSS,omrt he opatghaeirnshtandd , machine | earning (M

recogantdi on this case tkhreo vslyesadggb® S.s Tkhneo wn a
finalusuwupployiadeswspnggtci fi ¢ assess metnhasteor reco
finptégented t{8B85the clinician

However, the gap between the potenti al (
and the actual devel opment of the | atter i:
open issues i hnt pertthieamkexd s pfairalgd.aphs wi | |
of what is intendetaseddhiasdtsietds amitavidamd f mo

CDSSs, starting from.two different sources

1. 3DLfferent sourcessaonfd daaGMi: chall enge tes

Among all the different sources of data t
formul ation of solutstamsiafdr ot abetds tiabaear
experi mentcshaildvemlgwi ntgest s, and the data <co
These data are used btoteh danse ldfni@@ATT sfeart itnk
of diabetes or CGM wused to monitor glucose
research contexts.

I n addition t o OGTT esxapl esroi me d theyr i sceh al |

i ntravenous glucose tolerance test (1'VGTT)

(MMTT). They consist in the administration
or orally (for I VGTT and OGTT respectively
consunfipftoironMMT T) , al | foll owed by the coll e

10
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hours after the stimulus (varying from 2
protocol ), for t he measur e of gl ucose a
hor mones[ P&t i[E¥&In, Wh3e8] frequently sampl ec
do not usauanlulnyberreaocth measur ement diat a poin
the singledindieviesoadly from CGM recordings
5 minutes, providing al mostom 8t8h e agnpH eers Ipe
are collected in very controlled conditio
whil ea@&Mer al | yf raecequliirveigdagennonfli wi ohst he p
of i nvolving stamrda@grdi 2zedadrgpsetacocdh| Tont ext

I n view of providing support to the cli
be used to extract i nf otrhmatti oaan fhe msumdii wi

maca ot e d Br9ile s

T physiological, swhiteim awowdemptng

certai mplpegwli mafti on the under

exploiting a; priori knowl edge
f dadaimedel i ng, which mat hemat.
explicit correspondence with

Thtewo approaches can al d® bdeti nthegrdattead aar
specific purpose [0 0hhe, somg |l cOlapmévowvks ag
exclusively based on system modeling and
pat hophysiology iof @ane o#it déenrotdhaemditthiadn com
approaches wusing in series system modelin
are used -doi feredapmprta@aches etngi olet aifn tthlee f
CDSSsS, untatl talre iovtimegr ¢ébwddatiaithen egmgeEt o alanh
I n relation to the two ssubeesn ombdeat phgsi
sy st em nmodretldimag pyl ynatyo c¢ h alsl enrhgger dberstra ddyat a ,
extensowpellegd wit mohat hegaméohbdblogise®&ss me
I mp o rmea mthpaalriacmet er s whi ch cannot be direc
[ 41]Application of syshewe moaend | algs @ oe xCpA M
| i t e,r amauirrel y focusing on bloofp48]l ubosghfor
fuddtdai ven approaches may apply on CGM dat

11
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points of raw4@G¢6tMheéei emetseactison of i nformat.i
from the CGM data is an interesting oppor
di men3hensext paragraphs wil|l det ai | how we
of the approaches that wil!/l be presented al

1. 3D8f i ni toidebna soefdSNCD S

As previouslhy sp oismgtgat de ad unto,depd i ng may al | ow,
i nsights into metabolic processes, nthus pr
mul tipletwaypyettiereunderstand the pathophys
rel ated wi ttho dg wmarettiefsy met abol i tes that ar
examine experSuncehntianf odremrsaitgnmon coul d be rele
knowl edge hasheo wathmgCDaSISsSo enabl e an hybrid a

from the first one.l dintdetelde iinf orsmagtoisesn bdret
physi ol ogical system modeling by feeding |
approach -dwiitvhelren cdrdigi.as case, the so known f e.

coincides/overlaps with the alphgdwebat eon of
mentioned approaches wil lIimbéedkeds gep@dDd ed wi
reference appl itcet iuossnes otfh ama tihnevhoaltviec a | mo d e
under study.

1. 3D8fini eab-hpne@d-tbdi veB CDS

Fuldtdadi eepr oaches are @&losxo akpmewmcade sbéynck
descrifoeatpaputr el ati onships without speci fy
Whil el d@aeping met hodol ogi es usuaclalpyabtlaecke r a
to autonomously |l earn some represéetative f
t r adi ML-boansael d approaehghlanuwscuraalfltyed featur e €
processes t o tbredrmngfeorembiam geuvie gd ammaeaan amloy sir & |
onphysiol ogi cal syptemr medeivl edgesstainidl expe
need. | n the cfaosre eoff@erd@Qur e st far,bom dniafmeelryent
CGM metancde .dhisadtiedt step then all ows,
anal ysis of the data that wi || feed the ir
i nterpretable results and at Thhe $ameustiemef

12
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a handcraéxedadtiadamur €t ep -dod mbeinn eadn awiytsh sa t
ML will give rise to the second keyword th
devel opefdeathhme di dathaodri ven CDSS

In an effort tondguwett tthhe peataldetrhdti ghuave
devel op the approaches thathapt ér she grise

representation of the adopted framework i s
? f’ﬁ Physiological
DIRKO mice System
Modeling

Type 1 diabetes u(t)

V\
\n

Feature-based
ML

Extraction of

I CGM metrics
coss Q

) Knowledge

— v(t)

= Prevention (screening)
* Diagnosis
* Treatment

Figagemmary framework of the carried out approache

1. Aim and outline of the thesi s

As detail edechi bhse eboveabenkestst mahaptcan e
namel y: type 1 diabetes, t yipget2e rdmiarbesd elsy
di fferentchfaacatcaresvieamedd ab gl i ¢ whircdhirmak e 0 nis

a compl exnwdhiosseearsdeen i s contilmeceuws!, Wy aamsr e ¢
strong I mpetus to innovation has been gi
continuous glucose monitoring (CGH), whi c

mi nutesaddition toorblnogo d tshueg ama nnaogreinte nt C

i ncludes phar macol ogi cal therapy which,
secretion, i nvol vest hetxtogaheuscadms nvsar au
i nj ectviikanu®iron pump. Over the year s, how

13
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made to find alternative and a@mdsexiasnplaesi ve

that of inhaled insulin, currently approvecd
t he company HWwaecwwmeKri,nddespi t e t he introduct
technol ogi es, It I s a fact t hat individua
outcomes, anttefrer ishias IwmeszeaAalsd niprad ealwisd ¢ mc

di abetesapdeviet apydil gidtagdledheal th technol og

I n thisheoobjeacti e of the research <car
combi needbamedt taadas ead-ttai ven approach in thi
i nnovative digital heal t h itnepcrhonvbiénogdi ssa s er
preventatmt iamidds mgnosi s .Tand rtehnseagarpoyh questi
expressed idnevteh eo pceidftfadawrpernretabbens appl i ed st a
two different sothatédadtlamgteamal condathaous
monitoring dat a.

To thiChaethiegssr d2zedi cat ed tpmrgehysidelsacgii pali c

systmomel i ng metthhéioedwod oghesef ore been devel
significant parameters from standard <clini
Test, Or al Glucose Tolerance Test), al so e
with i1dentifilabiwliiltly bpmmadthloewnms itchaalt model i ng

power o f ext fiamwtaisn gy ei Mmaanemomnpar ameter of

i mportlmatteal loowagenr ksneowtl edge o tdheabgpatlsop
and to quantitatively assess physiological
i nsulin sensitivity) involved.linn dteheaidi,sdads
model ing approaches will be applied to dif/

foll oWi eg:ti ve

T to qualhpwssassvensapeni tleacantei but i
hepatic andi nrexwoabepat it dg)e st atiisd maly
di ahetadosns | dseirmmlgi fai ed experi ment al S €

f to qguantitatively assess the above me
clearance by exploiting an ani mal mo
potenti al di fferences i n the presence

incretin effect:;

14
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T to quant i tad tpchealed nys iatsisveistsy t o both gl
i ahealstamywi €é h respetypeo2odiealwet és

Focus on those physiological processes th
driven by the idea to provide tools that
di abetes pathophysiology, | ea-dehgt ¢ed datea

| nddéhde, parameters estimated witlkanhhéeprop
regar dedadntarsi bmuti on to CDSS knowl edge base
may have potential application i f deployec

According to tChiap3keme ¢ s tciognacteepst , t he po
consi dermnboyget memtail dmetdpe and combining mode
driven methodol dgiges$s alt opdevehobipom fr amewo
gestational di abet es t ot oi ddeenviyeid foyp2 wamerb e & &
Starting forbamiaedatfaent women who experi enct

di abetes analyzedheamhynpobdipatiuvms will k

T to apply-basefdeamaclki ne | fe@mr nitrhge ap
i deindatfivwoomeanf who progress against

progress to type 2 diabetes;

T to unveil what are the relevant fea

progression from gestational to type

Ths wi || bbeyi raaclhu daivreigh e inhbot lal anmtiahraaeced me t

characteri sitascesd afneda tmuordeessl accounting for n
i nsul i n bsceerddi tfiumictty,on .and i nsulin clearan
I n the case of CGM data, the character

features requirexatthedeXtmedaatiicen .o fGitvleen g d

on this tdpamsc,atChsatpanedrar di zi ng the calcul :

metrics available to be wused The timai subs
di fferences of the software available for
elucidated, with particul ar at tmeelttriions t o
Thus, the main objectives of this chapter

15



Il ntroducti on

T to report which are the data displ ay
of fered by each software package;

fT to investigate the correct I mpl ement a
testingcross alled he different packag

The study wil/l be carried out also taking i
i n comuemdsedsd nes aut hored by clinical expert
I n Iight of the consi der antCihampdtema e i n

potenti al of md tr otiulgeh fi s r neuxl pa-boarseedd o ma ¢ eian @ r
l earning dppyi ogchebe faondiant egr af ed di a

preventi onmmbnipeomposeedhangf ol | oowi ng aspects

T i nnovditad bveet e s /dpiraegdni casbiesti daeamd i é aclay i on
complications (i.e., diabetic retinop
T prediction of hypogdiyfcfeeni enteveat ses ndg

hemodi al ysis or physical exercise

The | at(tiepd ycs@ scearticndsweced hypdwillycaedni tao rt ts&
formul ation of a dedicated metric called HI
Chaptrerd i®@s again on theaunide forfamad hiematt h
field of phar mpaotihbyobkalg ttiherocaaptybodaemni on
problem of guanti fying t he exogenous i ns

(bioaval habsti ggdi onwiolfl siuncvholame :aspect

T the devel opmdntc oofapgm oiach based on d)

T the appltiheepproacbfto meal tol erance
inhaled insulin administration.
The proposed approach wil/ then allow to

endogenous secretion.

Fi n &lhlay,tseurmmiari zes the main findings of
di scuss | imitatovesalhlodusiraws, soomget her wi

series of future developments that could fo

16
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2Physiological system mod

!Physiological hsays tbheene nmo daerlgiengy empl oyed |
gluemsarl in regul atory system, faord idtesp eunsdda,
it can present hi gdbmplt e xdirft ylt hwe sno dled v els o
Simulation purposes, It usuaalnldy croengsuisrte so f
high number of di fferenti al equations and
description of the system; hi gimlayx iomamp!| e x

model s. | f t he qgmuaainnt i pyr psopseec i if $ c ttoheet abol i
formul ation of the model may involve a | o
tsui t wild.l be ref evimednads miomed gmahdc modea|
Bergman et averyodekcewefr el in tbé estinm

physi ol ogscaah Bast emestl i n s enguantviiftyyi,n gwhtil

hor mone control on glucodeeplrofiuani omadamnxd
related to [AdU]l i h4S5SCEompedcdhmentddl] model s |
subcategory of mathemati cal model s, which

of mass of entities that are considered h
(i .e., the compartmentder patrudy iionni dagnefe:
some incompatibilities with the anat omy
manageabl e compartments.

Il n thia clapdesp aa ftmoaiethsdepdp r ociache@lsvi ng
t he assessmenavionfg psapeacmeftiecr sphhysi ol ogi cal
al so exploiting regul ari Fiams®ft ittghaeth it owspu e fs ,
di fferent components nafhelpyms uti nandl eeaxrtarnac
componeratrg,jed out through a previaomnuds!ly pr.
applied to-nodsharetd ilnvsGUlITi n n women with a
di abetes (Siemitlaarm o2 el ) met hodblogywotd nasé$
clearanceidempanddpapisi ed t o | VGTT data from
by knockout of i ncretina medept of 68§ gd BeEe @tyi

IThis chapter cont aliln0s3 Ima t[e28idah, ege@BiPhls hed i n

17
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hor mone antagonist of insulin pnetshatedgul ¢
which all ows the assessmaeartchah$Sesatiuah gl 8¢ a
Al l aphbpseedeblkesne in various ways, whi ch wi
section, the same resetbnbeteghaese sktnioow ,e dig.ee .b at:

on aspects related to diabetes.

2. Hepatic and extrahepahi womasuWwi hhch

hi story of gestational di abetes

l nsul in, citder areamemwsalll i of ;i som proegdstshdarhat
with itdeseagilmeansman i nsulfifhFpcioncepmocas $ oins h
variabl e and oc,thesoraeentingé fulriemah , ddodrewsnt s
aound 80Mnetil tmtal earance (i;. et.h,e hreepmaatiinci nic
occurs in seyemainbyhkrdoeganand skeletal n
i nsul i n [cd%amasanchee)en hasathowhi sampoloeess map
pat hophysiol ogy siamod gipto pwd[a5t@imunmde aill o es ley
ment i ocoomedh, who had GD during pregnancy are ¢
risk of developing T2D, thus insulin cleara
Moretti houteldataln.d,t walst ered compared to hea
obser mmddiadtteelry pr2hhahgiy®] Tur at efvawman d ,
altered in women who were observed after pr
l i[fe&onsi dbmépati ¢c and extrahepatic insulin
reqgul &84 é dl i[t5ebr]at ugweg gfeisntditnlgess §| mport ance of
assestsanelng csggrmabbdegeat oc and extrahepatic con

2. 1Mbdbhsedsessment of hepatic and extrahep

A review stiufdfye roeunttl immaetdn ednat i c al model s for
cl eamadcé@i ghlighted that those assessing se
component$.6dgPel rdeeieneéel yaanp rappaooeadthh enat e

t wo contfrriobmubasnmbse nfi ed i ntravenous- glucose
| VGY[T54M VGTT is a modified version of the
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2.Hepatic and extrahepatic insulin clearanc:
di abetes

experiment involves the infusion of an i ns
the glucose dose and wusually | asting few
Model formul ati on

Accordimat hemathecal model |l i ng aplpeapatcihc pr o
clearance may assume a |inear or a satur al
conciseness, it i s shown the case of ass.
summarized in Figure 3 and dhanged fiememlt & s
i nsul in cl@fpcneonYirsatd so:nf ol | ows

6= %) 2 AR %P 3QZ ( ¥E# , O) Q)

wheVed L) is the extrahepRti)x @ widrsdunliuibri on
i nfusion radatebfcdrni ng tthhee hepatilcSRi(ntgcti o
(pmolfmi® the prehepatip Libms wilsi nt hsee cerxettri aohn
i nsulin clearaf®ced,s darhce HiRFp a(tllcmipd asma f | o
the hepadiiscappuesauwleinncldR(t)) ,anpdma lhlemierxt r ahepa
di sappearan¢cER(t) ,argmol L mi n

(2&®)P2(0&I) O (2)

%2 # 4,9 O (3
| SR(t) and I BRAttbgeapuesantd thegiemputssi he ul
the modelancb®R(t ¢d & doeoredit regpgstiooceldtames é&d
Cautef5@&hi ah. exptpat itiegndiofi dual i zed (depend
ant hhropometric -pelpdarn alet ekis¢ethhicd) p&r A me e n ¢

deconvolutiojpefpromdeplcoannma plerpatiiden.i sl mad emad

endogenous insulin secretion since it 1is &
it is not extracted by thes |fiowvreAnodllairms.i gt
assumpti omumetehlieslo mamsi€el me a const,arHtPFhepat
set at 0. 7wWhilLl/eniint i s known that during a
[ 5.8]
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2Physi ol ogical system modeling

Par amesstemati on

The vecadmel opgfarnamat ehas tp =he[ GV Byt ed i s
perfor mi-higt aprbeecsedure on plasma insulin cc
estimates of key parameters related to the
obt alon egdethodéle di scr et BettviAine AbBueiisiptofnisrect i on

was adBfetsetd pr occeadrurriee siwtadxddes qn éd minict iy o n

solving the fol-bqwang ononveéenétattl egsprobl en

[ B B 1 EJ 2 x,0% xc:%p_oz (@)
wh eRreepr esreeadsisdu &olds f fierencetshdet ween model
and measur e;d hienswlciomddatnad t he third terms
addaegd const rnaiimitnsi ztaot iitoime oprfdeelr i étmot at e a post
identiThiaditl et mo ntsa lde r janatinal » sCiLt & ltads BriEiont e
val akedasce Zlarsrde g-i ehl ect i wea salpgoerfietrrmed and | o
upper bounds for t(hC; p+ab)a.meR wesricst éwcetroela esikat 3 taet

werset o 10

|:> Woman’s anthropometric data
+
* IM-IVGTT data l

Early C-peptide kinetics parameters Insulin clearance parameters
{ky,, k31, ko) @ssessment by population model _
post-partum (Van Cauter et al) (CLy, FE, V) assessment Pv model-based
| analysis (Polidori et al.)
: C-peptide is co- Enfingenouf
Deconvolution of C-peptide concentration secreted with Insulin Secretion
from IM-IVGTT insulin in Y
B " Portal Vein
Ky equimolar Exogenous Plasma
amount but Insulin Infusion Insulin
" not extracted
kgy 21 by the liverto a Hepatic Vein
significant
No - extent. Peripheral Liver
Residuals small? Clearance Clearance
Yes l
| ISR(t) | Hepatic clearance and
| extrahepatic clearance

Fi g Br e Mebdaesle d assessment of H WGUITi rdoald lae @atr @achc @ aff Ir p n
postparltuR(t) is inspiilsimheepretiipbrerrabsé hb@L hepat iear :
fractionalpi exthacekxbnah¥patic distribution vol ume.
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2.Hepatic and extrahepatic insulin clearanc:
di abetes

2.1D2clination of the research question

Il nsel emr ance evaluation in women who expe
l i mited to the sole assessment of the ove
hepatic and extrahepatic contributions. W
be due thotbneforntrhese two components may

proposed approach based on Polidori et al
time frameéeGTolf ilsM 3 hour s, which is a ver
applicatseobesntgdhuesl, iamhieltiMt YGDE . g. , 1 hour |

may enhanceofappud-ltathe de gt hod

To ansiwekoultlhe ,gppbtcanion of tbe Pphesen
assessment of hepatiixc m@merdf erxme cacheespihd @ tci N @1 S
firstly H$hoear ¢ detuad MOB T e x paenrdi niehnetn) | i mi t i r
data t@hauRoMAITT experi ment)

2. 1SB8Bupmby ul atnigkopner i men't

Data consixiegteidi ¢wkh@tbal uded abél woendnear |
postpaibt mmnt hs afstudirviddeddhierglp &Di amded
4Wwho had a healtthys paemgsniachecryed t he contr ol
Al | t h eu nsduebrjwebcotusr-laM @MWT gh ud ;g eatt i toinme
0’)0.5 min (0.3 g/kg) and insulin (0.03 U/Kk
i ntravahaats otni me 20 For $Hhaenthooruifd AT 3
experilmeond ,isndgophmeasur ement of gl uicrosswel i(nm
(pmo') Lhnpde pCi de™?) ¢ pmoé htwa edtoineenswi t h the f ol
samplingdscheme,, 5, 6, 8, 10, 14, J9, 22,
mi nF.or thhboar-LMOIT T ex,pethmenptr evi ous measur
considered, but excl udhonrg esaatp | sewb jt akte,n md
i nsul i-me mtniddeC concentrations were evaluat e
area under the curvlkemaomgad aphiec tebar aatrertii

considered population iIs reported in Tabl €
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2Physi ol ogical system modeling

TablDe mogralpariact er g tutpgyg sl at i on

Demographic Control group GD

information
Age (years) 31.6+0.8 334104
BW (kg) 67.5+11.9 75.5+16.7
H (m) 1.66 £ 0.05 1.65+0.08
BSA () 1.76 £ 0.15 1.85+0.22
Gp (mmol-L1) 4.56 [0.39] 4.94[0.78]
Ib (pmol-L?) 46 [28] 47 [30]
CR, (pmol-L?) 150 [50] 166 [93]
Gmean(mmol-L?) 4.63 [0.68] 5.39 [1.01T
Imean(pmol-L1) 197 [113] 218 [116]
CPrean(pmol-L?) 178 [91] 218 [156]

BW: Body Weight; H: Height; BSA: Body Surface Areap,G», CR: Basal glucose, insulin, and-geptide
concentration; @ean Imean CPneari Mean glucose, insulin, ar@peptide concentration during the test. Values are
expressed as mean * standard deviation or as median [interquartile range]; * p<0.05.

2. 1Résul ts

Results showekdal twad dthlee t o capture the dyn
i bot M VGEBEKperi ments, as. dvadiucectse d oirn nfoidgeur e ¢
(CL FREd) Vobt ai ned chonwsril Me®MiTn ga ntdhd i-3ni ti ng t
| VGTT data to 1 houbnpaker e @ ptBersutd dwd sb sulTsaebd et
test differences in mean values-tofstvawaisabl e
used to test differences i+ omealmondallu®s of

| VGINTo. significant difference -wasr f@amaddlin
hour-l MGITT. Ac d ditedonnesy d ¢eds t for ,eqil.0fBH.ad,l ence
performed to test the mini mum ,eqallilvat pace
parameters esthiomalt ¢@T T roant 4 hwerle shown to b
those esti matoaud-l WBHM dheal3 with small equi
epsil on was in fact not higher than 0.1 st:
val ue f-mMmouwmr-ltyvh@ T3 No significant difference
par ametperif@mh @CVbetcwadamad Gr oups, Mmeiutrher wi t
I M VGTT nohlrowrtl tMAAITIT ( Tladbgreanisif)or med val ues wi

in case of skewed distributed variabl es.
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2.Hepatic and extrahepatic insulin clearanc:
di abetes

TabliIModel parameters and Fhnosuurl Hhamnue-ll M @IF BGderetr rvoall u e s
and GD groups.

3-hour 1-hour p-value
IM-IVGTT IM-IVGTT

Cle Cont 0.27 [0 0.27 [O 0.83

(LLMin GD 0.23 [0 0.23 [0 0.17
p-v a l 0.63 0.64

FE Cont 50.9 [1 50.9 [1 0.23

( %) GD 49.7 [1 50[25.1 0.57
p-v al 0.62 0.63

Vp Cont 2.70 [ 4 2.70 [ 4 0.18

(L) GD 2.01 [ 2 2.01 [ 2 0.19
p-v a l 0.91 0.92

CLer: peripheral insulin clearance; EEhepatic fractional extraction;fVextrahepatic distribution volume. Values
are expressed as median [interquartile range].

A 3 hour IM-IVGTT 1 hour IM-IVGTT

= Measured
3000+ —Modeled -

3500

= Measured
=—Modeled

2500

[N
S
=]
=]

1500

Insulin (pmol/L)

1000 -

Insulin (pmol/L)

500

Q

-500
0

' ' ' 500 L L L L
20 40 60 80 100 120 140 160 180 a 20 40 60 80 100 120 140 160 180

Time (min) Time (min)

Fi g4CGoempari son between mean measured plasma insul i
thehoir (panel-hAYyr ahpa-ntshETB) Dat a are reported as
deviation.

2. 1Dbscussi on

The main findings that tare worth being hioc

T the reliability Vi&fTTshortascEkslsolre
i nsulin clearance GO women with
T the ougaywimegt-6 Aambnt hs after del i

cl eanancehe extr awedpdtiiec enlte dred mi

andctom@ggroup with healthy pregnan

I ndemed,h a simplified procedure the adher
facil ietaadllegt etahipeb e 8 i bl e met abotdi cedmpai t ment
devel opli 6.@fljlomT2Bdver, assessment of Dboth c¢omg

I mproves characterizati armaof cahe bme taadkdceld
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2Physi ol ogical system modeling

parameters assessed fi®dm]shqdguE@WVvendnB3dguebar
i Bhor-t VEWMIs convenient with respgedt tmor ehe
i nvasi ve t,hatnhud ed ©OEuilrdp avgas bidt bbaepreferred
modeling methodologies based(ionitise dOGTETr i
ver 9 64k, [65], [ 66]

With respect to the original model i ng
i mpl ementation that have been presented her
numerically speaking, adding regularizati or
done to eshancerma pdentifiability; then, av
asatuhapbei ¢ dylneanrialrscneo t prevent obtaining

arguing that, at |l east for this populati on,

under |lyysiinogl opghy

2. 10ptimization of experiments

At this point, is worth mentioning the cont
may provide not only when used for the asse
in applications were the methodol ogical as
hep obtaining advant aFgoers iinns teaxnpceer,i nmehnet ad b osve
approach revealed that the number of sampl
subject duvVGhD @an IMe reduced without signi
i n r daloattiheen pr op Rseggdu | aaprp lziadatoinon.echni ques a
this sense.

A recent modeli nelul ither ggd wilcatser y Ssystem

Contreras et al. exploited regularization i
the case of -saansphloerst QGSITIT) (a&bnd was able to d
| ower noaomblecobéd samples it was possible to

par ameG.®lrist was t heni deanositsauadyat etghlaowyur r esea

| everaging a simplified regularization pr o«
resul ts t hr ciumgshu lsiurc hes hgdadtldesro srma@dpt i1 ts use to
obhd4sampl e 6ABGIT Tt hi s | atter case, however, 4
fixed and optimal values for such parameter
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2.FRepatic and extrahepatic insulin clearance

2. Plepatic and extrahepatic insulin

receptor knockout

I nsulinmaedepeod on menhabolci 6B arlisadhlaes

depend on maadgphef aoctoesin effect, a physi ol
for the potentiation of insulin secretion
potentiation is mainly accomplished thanks
pancrbeat il c, and plays a role in the regul
The main incr etgli nc agokneo Ateesp GalrBeahgeh 8 € 0 s €
dependent i nsul i not[rdpli,Sdpid Jypsetpa ii edeed (tCGol F
i nvestthegapoessi bl e effect of [iM3X]r,et[oMmds] ,on[ 7!
on its hepdt7i6d , c gifim@ghmea mtov erMdrad osvteard u e 6 s .
have been redantlingecsehrbpaiesgdd i ol D gii aalr elt e ne | s
hor mones may red[(p@,8]hb wnts uwiitnh ¢l te ad eatnecremi ni n
I's attributable to its hepatic or extraheyg
section addresses the theme of hepatic and
a novel fine @apmemach for its asse

2. 2A1 novel-bansoedde | metthloes sd& 3 ment of hepat

extrahepatic insulin clearance

A novel met hodtoHpew gw i ionuspiyr @d olpyosetdy mat hem
Pol i do[rGwaest daelv.el oped to assess hepatic an

Ther oposed meaetehtcmaddleadgy ni ¢« he f ol l owing

Descriptionbased happroadadh

According to thendppreaehtpdopasete previo

di sappear anegasraseyuméeH®R | i near with respect
|l i veas previously reported in equation (1)
CR, asasumed proportional t o ,t haes pgdraswiao uisr

reported i ihaeegquuaattiioonn ((W)h.angescirm bt mg pl as
compartment (characterizedrewrthefedl 6bwsbu
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2Physi ol ogical system modeling

60— )30 &%) 3@ (08O #,90 (5)
Thent ot adli sianpspuelaitrancan be de HRr iameld CRs t he
&%) 3@ (080 #,90 #,0960 (6)

wherei €L the tol abrldmaegr,l i h(t) is the pl asi
concentration neeasstt GaB(d Juwaegcbmputed acco
Cautef5BFY deconvol ut ipcerp tfirdoem cmlhasermma m@ t i oo m
computeld vi d-paptzdd Kinetic parameters.

Frogweat b)onadpidt (i s possi btemporabnsntdegr ahectcst
between initial anadgstiimdili@abtdereu spsooi bnttasi noifn gt:h

60—A0_. )32 &%) 3@ (080 #,930AQ7
&%) 3@ (080 #,90A0_ #,90A0 (8)
Il ntegratitcdhre drodwoodvda bhgge br:ai ¢ equati ons
Yo )o0 1 5# & %! 5 # (0& 5# (9)
&WD! 5# (0& 5# #,35# #,35# (10)
whet @t (BAeU&ENd AUCE qutamdati tca@s beomompet ed

measudiagd&presenting pl as mahiemistuilaln acnodn cfeinn al
point s, and the area under tHBPFchasebeé&nl S
assumed equal t o 2 [ ;6N a&kngd oM wbeordey y ewsetiignimatt e
expl ohd imgt temati cal model i ng [aPpPHpWwhiacth prop
assumescammanoboment al descr.i pitni arh ef dratitnesru laif
| SRi(g¢ )t he modélkt)i npepiroaaedtt pat addi ti on to equ
9) abhW, t(ri rd equation taken from [ 17] and
extracyti wosnshEHer ed

o) o)

& % 5

(11)

wher ep GL tplegtGC de c lceiasr atnhcee ;a rAeleC umeapetri dédre cu
and Ab@t of insulin.
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2.FRepatic and

extrahepatic insulin clearance

Par ameter estimati on

The three al (Pebdbbd

werselbse

esti matgaonnd ppCELr BEENEh®UMMar yprodc eedhverdee pi ct ed

Figuren
MATLAB

quuseendt |ays

bBmuml of

(@ i d@)hcedognushi tdeeorheesdmoagse neous sSys

el ement $© aaorhiwaismiozdadc fhtu gamt

o

cost functisesgnéwalkicimimoai ned

FE, =

V- [1(t;) = 1(t)] = AUCsger — FE,, - (AUCsgcg + HPF - AUC;) — CLp - AUC;

T FE, - (AUCsgcg + HPF - AUC,) + CLp - AUC; = CLy - AUC,

 CLep - AUCp — CLy - AUC,

i Clep - AUC
v
Computable from IVGTT data Known from a-priori
knowledge
I(tin), 1), AUCspcr, AUC, HPF

Estimated with approach by Tura et al. 2018

CLy =V - kouns

CL¢p (mean value)

ISR(t) I(t)

kOl\NS

v

I\

V- [1(ty) = 1(t)] — AUCys + FE; - (AUCsgcr + HPF - AUG) + CLp - AUC; = 0
FE, « (AUCsgcg + HPF - AUC,) + CLp » AUC; — CLy - AUC, = 0

FE, + (CLepr AUCep + AUCspcq + HPF + AUC) — CLpr AUCep + CLp + AUC; = 0

Estimation of
minimize th

FigbreSummary of t

di stributioningobicmeeratle®R(FIER pat i c

pl asfmaw r
i nsul in
undercut he

v

FE, and CL; values that
e system of equations

he methodology to assess hepat.i

at e; Il (tphbncehampmbédmisalCdamat i ¢ ti nsot ah

cdre-plephcdp
of isasa bua

€ Lo arreaandceer;cu tAlUeCp@fp t C diear, e A UC
dercAU@e of,tli 8R¢ti pn] ®@nd. final
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2Physi ol ogical system modeling

2.

2D2clination of the research question

Doubl e incretin(DleRk@tsora kmowke umodel char

kK n
I n
cCo
kK n
kK n

co

e X
of

co

An

He
fe
an
an
t a
S,

ASs

I n
cCo
p h
ma
i n
P
fi
se

mi

ockout of-l1band Ghe 6GePeptors and for thi
cretin effect and represent a model of [
mpar edt ytpoe wiWTd) mi c e, ovhi phesasteacdydoes
ockout . Mor eover, di fferently from sing
ockout of bot h i ncretin receptors preve
mpensates forlthetiankobftbeobbberca

Whet her incretinstamuplayeidol egie¢al afhewrt
trahepaticwiassusltinl| clasmaTloprchel pp pautr pptoisen a
mat hemati cal mabétbi mepgapmaodc@chepati c ani

mponents is a valwuable option to investig

i mal dat aset

patic and extrahepatic insulin clearance
ma | ep rnei vci eojuasl| yyzneodt hien[ &8tj Ddy i ng experi ment a
I mal s wer & . AdMatnad t5& rho mo f fastfhngstlimice
est hemtditzwerd 30 mi n, an GVGdds evawa  eir 1fi joe ente @
i vein at andiomsde o2dmpPl. 85 wd rkegfOc,olll,ect ed
10, ]2n0 n arfd e50 gl ucose administration.

sessment of parameters of interest

response to a glucose input | ike the on
mmonly known to be secreted in a biphasic
ase |l asting around 5 min, and a edecond ph
nner with wusually distinct pulses | asting
Figure 5 was used towresLmand, H®lo pairs
accounting for the first and s€€bend phas
rst phase paramet ersOwmirse @sniirmmatvehdi laes sfuar
cond phase parameters, tire 5i mini &lddand fi

n. | nspud ptni demdplCasma concentrations wer e

28



2.FRepatic and extrahepatic insulin clearance

(@)

onsi stent, the tot al clearance was al so
S Tk@dndqpCL
Il n order to better characterize the pro

s

(e

e achieved by a sbsaessesdi nig rc do@t xheesr i nlgV GITorr di
hysiologicalg pcose ssempasaed&ibed&@cjut e

- 5

nsulin respomr)scompuatgelduceorsagd AS Rpr abasal i
1 and 5 min afteringbubconsseendmi nvstyaduobnng
an empirical parameter predicting insulin
[ 18, Sl in sensi tsitvaitteys aQiun iCKR;1id mg os e

effecticMeBnOegs,d $@R$ i t(imIn)aisnpexduct bet ween
similarly to what haf8d¢ehl ddbonecitnomymans s
under t hepecputrivdee otfo @ hat of glucose, exten
subij[eBcétlsea undeorf tththee dwmrswdAURecgatcel avedr at
previously indicated [a5c7c]lording to Van Caut

2. 2R8sul ts

Values for hepatic, extrahepatic and tot al
of the I VGTT arlelfloephbotedDi RKAa&ahgniWTi ona rct
di fference between DIRKO whdcWTwwasr Edblbad:

peripher al (i.e.., exit rbathte pradti cin compohepa:
FEpz No di fferencepdwa sandyetoefctietds icnonfp,onent
i n p&hor i HHE addition, the ratio betwee
compents was statistically different betw

(p=0.03) but not for the second phase (p=C(

A det ai l-rasddvCGmdt abol i c assessment for
reported in Table | V. Swate sitlcic@m®l ySkj gni f
anAlUgecr accounting for theglgdauacoe ee ft fod cetriawn

t hdei s posi ttihoen iinmsdud xi,n s ensiatnidvitthye daureian gu ntdr

curve of t he i nsul in S geerpd f-cdeeh | r a € B s ictail w
(c o mpdiatseat iIAAJGoff-pE€pt iIAdJEb ft ogl ucose) showed bc
val ue. l wsulyi mts d msihtoiwgddi fQide rCGeknl
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2Physi ol ogical system modeling

Tabllal ues for hepatic, extrahdpatsitc ammabsee a thaeld
I VGTT for DIRKO and WT mice.
) WT DI RKO p-val u
n FEra 28.9 29.7
s ( %) [ 25. 7 [26. 7 0.18
0 Clep1 0.15 0.18 0 04
: ( %0 Am)i n [0. 11 [0. 13 ( '
L Clrpr1 0.51 0.61 0. 02
( %0 Am)i n [ 0. 46 [ 0. 48 ( '
FEr:2 39. 8 37. 8
2 ( %) [ 35. 8 [ 35. 1 0.46
° Clep2 0.79 0.72 0. 27
o (20 Amin [O0.69 [ 0. 64 '
(]
" ELT—ITZ. 1.69 1. 38 0. 10
(0 AmMin [1.48 [1.13

Data reported as median [interquartile range]i-#ECLpp1, CLT-P1: hepatic, extrahepatic and total insulin
clearance in the IVGTT first phase, respectivelyy-F& Clr.rz, Clr-p2 hepatic,extrahepatic and total insulin
clearance in the IVGTT second phase, respectively; * p<0.05 DIRKO vs. WT.

TabliIMMet abolic assessment for DIRKO and WT mice.
WT DI RKO p-val ue
Ke 2.49 1.98
) <0.01
( %/ mi n) [1.85 3. [0.96 2.4
S 1.37 0. 85
) <0.01
(i pmol/[0.97 1. [0.77 1.3
QUI CKI 0.123 0.120
) 0.07
( nedni m. ) [0.119 0 [O0.116 O.
S 0. 052 0.037
) 0.02
( miYn [0.037 0 [0.028 0.
Al R 445 426
0.16
(pmol /1) [ 288 635 [195 634]
DI 1.17 0.72
. 0.02
( i D [0.70 1. [0.34 1.0
AUGEGEcr 13.0 17.0
<0.01
(pmol) [12.0 16 [14.3 21.
b-cel | sens 0. 022 0.025
0. 05

( mmol CP/ mmec[0O.018 0 [0.021 O.

Data reported as medifinterquartile range]; K: intravenous glucose tolerance index; Sl: insulin sensitivity during
the IVGTT; QUICKI: insulin sensitivity at fasting;cS glucose effectiveness; A#R acute insulin response to
glucose; DI: disposition index; Aldieck ar ea wunder t he cur-celesensifivityiratisaf | i n
area under the curve ofizptide to area under the curve of glucose; * p<0.05 DIRKO vs. WT.
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2.FRepatic and extrahepatic insulin clearance

Uni variable |Iinear regression analysis was
clearance and the other met abol i c- par ame
transformed -viadaicd ssi gmief it wonce | evel was s
Results of |inear regression analysis to e

and the other me tnaolt o | s hco wina rfaonre h@ o mcoiasteen e s

significant associations are reported in F
a5 wT 55 DIRKO
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FigareMost significant associations (r2) of hepat.i
met abolic parameters i-hl,DIHRKP®O-RALTd hwWpami ce. ekELahe|
tot al clearance during the first phase of the test
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2. 2D#dscussion

't wmasesti gatlea mwdhceciamdewrloinn il ear ance

hor mpinesexpl ained by a reduction in

botlh.

emerged that:

T the hepatic comporgeunan toiff i),ends ub

show differences in Di&®&KOawcypym
| VGTpThases; t hi s wnatyh bree feexrpel nac
carci noembr yroemliat edntdaleln adh
( CEACAMX hrough which insulin
hepat § 8btfles [[BhallegediBL7]during t
significantly -pchoasree |iart 2wl iwn t e
but no difference has been de
Al RG, t hu st hsau g geexspOrEeAsGsA Mdln ionfw & ¢
unal tered among the two

as mohset i nteresting finding, d
hi gthet al i nsulin clearance in
hi gher extrahepdé&ednegmspanent
extrahepatic [ &8u)lwiptBhied e amnanc
responsdbbeadatbDEQn rbeegiunilgayb @ d ot
bel onging to [ B8] tSiNaXts thadrdd &I
recep®dlrt Binsc,e WT mice-l expcepi
DI RKO doewenoan hypothesize t
t he extrahepatic i nsulhian arleaan
the otHeartth&nd sGkRowa abounhs
regulaantd foentwve publ i shed studi es

not affect {[@8ulin clearance

reduct
observed in DIRKO @ompgasteidmutioa tVeTd nhiecveel s of

t

s he,

To conlktdaudef,imdi ngs may hel pineosdméeaddliinght i

cl ear aintttreeiamdpossi ble role in theTpPRBthogene

therapy based on incr ettihres kino wil redrgeea 0if n g hiet

i mporthectwo
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2.Mat hemati cal model accounting for a dua

i ncretin system manpgolses i ®ofl eh a@lepg eicnh sadadr ¢ he

these mechani sms.

2. Mat hemati aacomotdaelhag!|foregml| ati on

glucagon inhibition

Gl ucagonm hor moneUcseelclrse toefd tbhye tphaencr eas and
el evating bl ood glucose | evel whemast adr c
opposite action iwi tnmairnetsapiencitn gt og liuncsouslei nh o m
beyond cso umptleer DEgulhatwloamg omls h@a spol e i n
pat hophysiology of T2D}| 9.bultn deheids, ipse osptliel |w
hawecretory defects of glucagon, resul tir
fasting and popppshahaeail &lo dbhawdés ci al ef fec
obsef9.2d

Theegul ation of gluchgentUc et h etpiacomacirs n
control byeinsuhéncdgntrolbcekbstesee@cbgt inegg
accordisnagalt loed sidient nat er datcit @mm &) malyutc omtt hr e
confgl awlcagon secr atnglbocose i mayd@ltiaginal en ort o |
l ndeed, studies performed considering dif
and in T2D subj ehcettse rdoegrtomesda g sant etdintiibheapat t er
rel@anship with glucose and insulin strong
i nge[sXde]ld, [ 95]

2. 3Madel of gl ucagolh ekilnetniscusl itno aansds egsl su c o

Mat hemati cal model s accounting for glucag:¢
hawvipgot enti al applicat[i96n] ,t of t7h]le, c[l98n]i,c a[l9
[ 102 Among t hese, t heg 1aneé | Sulbiya aerllyln eat a
were based on intravenous tests, whi ch h
compdmoe@cm Tnst eadr groumtpreopadsedla (compar
mo d e | for the description ér gt lne agoni kamni
Ucel I i nsul L 0B e nmpdrdeasleintt ye d hiars tbhleien tdlreer=il ©

startiscwgahf mpameidncl udes two differenti al eq
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glucagon ampeponedef d maGlkerm)edbilomnshhéi new mo

formu,l apiasma gl ucose i si ni nacdduidteidona st omopdlead:
pepti @dbe model provides two parameters of
ScLucan@d(Uk el | i nsulin and glucose sensitivit)
Model formulati on

The proposedsimoldiedi tcioonmsialfergl ucagon secret.i
controlled bypelpdtide) ntaakled| @MEols&Nni S ms . The
being thwetmovelstppyect to thecpopewntedsf bor mulble
act|[etDdpwmadkodel |l ed considering glucagon inhi
of change in plaseaphobucegpept d@ddmatb€r me mar K¢
i nsulinasea@adetciaadly done in the previous fo
description i§ depicted in Figure

d(G ppomat)-Gy )t ————————————

ke
k
GLUCA
Gluca(t)
SGLUCA(t)
I
I
_
Cpplasma(t)'ch Acpremcnte(t)
kACPREM
FiguBehematic representation of the compartment al m
are the plasma glucagon compartment, Gluca(t), and

peptaCdenttte) ; t he -pseupptriadbea scadncCntrati on jiRedht)he remot e
Cp and the rate of change of spupirH@h)asax emtl as mao gt ua
action on Gluca(t) cuuHat 9 u gahn dtehkep eqc ddlaemdtyeerssk g3 ucagon
el i minati on maataegdieikesm tyhlepsd de el i mination rate fr
compartment .

Two compar tomentfsor plasma glucagon -and one
peptardee, used for maadse Itf loe e f rod svabnwt dntgir em t i a |

equations:
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2.Mat hemati cal model accounting for a dua

(13)

where GlubYhagtyucéégghlLconcentrati onanidn t he
qC Pembite) (insoul plriLa bpaespatli d& concentration in a
from pl aslmma+r altheee p adLadfemipmcckount s f or gl u
el imination from ptlhhes maa rdametdeom tckl efacrangleuy
i nhibition due to mechanisms controll ed &

( B asmamm® b hrdle p rt essheen g Hiunchaigboint i on sensitivity

Ucel | gl ucoslee sveanrsyeitnigv ipiayya;me t(enrg ®rmolgl ucag
of -p€ptiadkcecount s for glucagon i nhi bition
controll ed Dbpepdgupreabiammaad €ompartmedt r e mge

reprsgsleunctcagbnbi ti on se#qnidwiceidt i nsoul ghuscsese
al pchea | i nsul in s emprépniviisthyep ep Padamel emi ka
rate from the r gmotrep rceosmepnatpst ppelinaissmacé® cent r
wi CRabasal yaewm@&Ranmm® the model inputs.

Par ameter estimati on

Model paramete@&tagpkemut dSdrtwWakest i mated using
l sgnMATLAfBuncsbbrihreg foll owi ngqonankbsneanmrvek
fitting probl em:

| EA4DA | ER33E — xp3B O x¢0
wéoB8o O m (14)
where RSS is the residual sum of squares,
mo d e | response and glucagon experimental

added constraints that have been used to i
kerucdenotes glucagon clearance and it shou
which the main contribution to glucagon s

based me thhea nti esgnmesl sldd dk pr event excessively
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val;Besdnd,(tth)e second derivatiuvdg )of ishespdar a
penabberept changes of t hesmaid ametyetreranur i n
c 0 &tudat )a<cOt)s ttoh & edwmleer of samples where t|
negative values. Vawausa nfuarl |wl dahyededwizodwe i g ht
reflecti wachbgefduhbmi o iared t teespeandes 10
Lower and upper bouweds (dfclpearhalgwekike r( r anges
b, +D) f ogLudaG) @an€85% confidence intervals
parameter esti mathkkey mheaaresl lpfeurtt idtted nopnut e d

2.3D2clination of the research question

Gl ucagdmti ogbbcpswi ahd i nsul iamdi sanhiadghleynph e
to capthieteersougtemeil eyad t o t hmodearnpormnaheei mg
di fferent contri butlonr sadodfittigiosnc mggn bsee oif etiin
understanding how amads totrhaenrd i méacHhHraamsjpsomssre ma y
relation ,to dDf etant macromiuleéhe st sstiudge st

aimed atampriomgrdowmgabnht t he previously propose

mo d el to describe glucagon kinetics (espec
accounthedtimesrul i n-bamdeglhano sens .
2. 3MB8dehl i dati on on mean experimental dat a

Mean experiment al data used tadhsetaddyaliy t he
Sonne[ &0b5nvlo.l ving 15 subjects having T2D an
( CNTHaaf wihhnaddr went ai DhogdOGaEaMmMpl-2EL0dr awn
0,15, 30, 45, ,B54d0ni @®rOdi glh2ulc,o0 sle8d&it n déMgra imo n

pl as ma gpeptoiskke a&€nd gl ucagon concentrations
by Sonfhdoeidvelbeen consriapdreade nReeasnusl N SSD.aruen |

otherwise stated.

2. 3Rédsul ts

Thpar ameter estimates with relatedndonfi den
best fit on mean experi mgritdfddlr d@NB aredofT2@
groups ar e $.howne gdig(aFOfgtiSoe CNT andissT2D dur i
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2.M8at hemati cal

mo de |

accounting

for

reported9 i mMcEogdieg 4oottheof580
gr osuhbpo veesd i madLednt pfsiSgni ficantly

T2D

t hroughout egthae whH oolwee r

grb@epsame dpar anmmdt esrhow
uest we@Mjlifmmound

v al

v al

Ci
di

ues

se

fferent

poi nt

signi fic

C

h

the |l atter a significant difference from
TabM\wal ues and 95% confidence bGuteemiynagdeke@(mdin) for t
H e (Kn)neL b ng of Lbgrhalc #eEfen)d deen ref erence mean exper.i
Sonne et al [14] for the control group and for t
Estimated Value 95% ClI 2
parameter
KeLuca 4.6673 16 -0.0073i 0.0073
KpcrPRrEM 0.0342 0.02901 0.03945
ke 2.8302 1.1973i 4.4632
. SeLucal -0.7993 -0.7994i -0.7993
3 SeLucaz -0.1515 -0.5332i 0.2302
O Seiucss 0.4620 0.1819i 0.7420
E SeLucas 0.4449 0.2228i 0.6670
) SeLucas 0.2375 -0.1428i 0.6177
ScLucas 0.4780 -0.3364i1 1.2924
SeLuca? 0.7629 0.1537i 1.3720
ScLucas 0.2069 -0.6035i 1.0174
KeLuca 9.1763 16 -0.0139i 0.0139
KpcPREM 0.0096 -0.0078i 0.0270
ke 0.9913 -0.55591 2.5386
o SeLucal -5.5602 -12.9854i 1.8651
3  Sclucaz -2.8988 -7.6482i 1.8506
O Soiucas -0.3694 -3.1971i 2.4583
é ScLucas 1.1067 -0.5668i 2.7802
= SeLucas 0.8949 -0.15761 1.9473
SeLucas 0.1305 -0.8600i 1.1210
SeLuca? 0.7260 -0.6903i 2.1423
SeLucas 0.2069 -4.1746i1 3.1374

aCl: Confidence Interval CNT: Control;*T2D: Type 2 Diabetes.
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Glucagon {ng L")
@
2

120 B
100
T:an
ésn
540
20+
0
0 15 30 45 60 90 120 180 240
Time (min)
FigaBest fit of the model validated on mean experi me
(panel A) and for the T2D group (panel B) . Cl osed ci
N SD); the continuous |line is the model prediction.
2t A
;D;/w!—e‘e’_e-’e*\,
g,
°
S5 o4f
ER-
msg'ﬁ’
E’—‘\D
Al
A
S
mwg
E—m-
azb
0 1‘5 3‘[) 415 Gk) ‘3‘0 1;0 1i;0 240
Time (min)
Fi g%eudat) temporal estimates on reference mean expe
A) and for the T2D group (panel B) are shown with

represent related 95% CI s.
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2. 3Dbscussi on

This study proposeddeai matdhdmatm cal f aromdeerl

proposed by adodre grooudpe sacrrd beelslentso t i ms blyi n

glucose in the singl@huspaivhdiumpr due magt ac
new model formulation, was to inclUude the
cel | gl uc Fiss soefn siummpglaecrts tfaonrdi ng how mechan

relation to T2D state and/ or to different

control of g li uTc2ddgso nc osnepcrroemii soends hapeé-d s hows
physi ol ogical dose response to glucose wi
[ 106]
Results of model validation on mean dat a
t hhat

T consilsyt emiitylsi ol ogi cal and clin
and gbasese mechani smot maga b
determining glucagon secretio
course), as OeceammodeLu®Hat gt evda | luye s
di fferent from zegro in the he.

T in contrast, in the T2D group,
i mpai ¢g.@df t()S camnodt ksi gni ficantly

resulting in a defective gl uc.

Model ing and met hodol ongii onthlaé ohhecd sk ampwer ea s

possi bl e

T no additional compart ment¢omwtarsi
was represented as an input

T glucose regulation mechani sm-"
concentration rate of change 1
with studies on ani madcembdehes
of glucose sensing [ils)Dpleosaet e
driven by changpk%0Vh plasma g
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T the addition of penal ties in
estimation procedur e wapso speedo b |
and prevenin @waeartfiictutliamgLudad 0 st
already included in the for me
preventing excess.ifvaeJotrhremgoicd u
positive rather than negati v
during OGTT is mor e , | iwhkoenllee fti
constraint has keetmoiatd@idd i bef
excessively smal/|l and possi bl
addi tgiwans, akl | owed to assume p
indicating that, in principle
glucagon secretion.

As afhbatbma&sve been shown to possibly modul a
al phaarceelnmasnryc| udi ,cd emu tceanl ¢ iiarocifathe hbh @ B ] ,

[ 109 Fwttwrdeagsconsi der the rion et hodf hrhdhdeesleas ot h
for i1ts intehdegdr pawveepdoessarpedgear de d

2. oncluding remarks

The developed model i ng approaches are too
guanti fication of i mportant metabolic procc¢
pat hophysiology, some of which still need t
i nqiulcil earance (in its hepatilcednd sexntsriah evpa
to glucose and insulin. One of the main adv
the individual estimation of such paramete
me abolic status i nl ntdleeeds i rogeliengi rdd iavwied weasl sa
di sease, | by ntdleec omavion processes bébehd its p
function and insulinreceognitZzei sybgiaups tpho

object of tailored tregqgtlh®flthuasnd i marnagemetnht
decided to focus on procdseés seabiasvi hyul
of the more stuydissdovenes omgai nodemdt hed i nsi

ficomponentoopat hwayls sease.
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2.C8oncluding remark

For wha't concerns I nsul i nmatl reamatniceala
model i ngpappeonheth e xiplSectdiedbgn t20a 2t aeh ol i do
i ndependent equations | inking hepatic and
cl earraanaeni s way it was suit ablfd eremtagplfir
Polidori,0Ost lapppmweasxched ItM V@ITKk swintcle this ki
all ows to better separate @fhepatwt a ndeairlii ne
by ttseswith s| a®@&6T Tmshyn dmei oot adequate to be
model ing approach prolpeesddnanmaoedse IIf iogarsd maltye i
magxhi bsufficient accuracy.

On the other hand, the modeling appr oec
ki netics i nstead applies to a more physi
mai ntained as simple as possible as for i
compart menitrsg amalnsaddi nts i n the paramet e
overcome theppseoedbhesns,ofvarly | i kely when r
parameters.

Overall, in addition to having potenti e

constituting decision support tools themse

T help in the field of i nvestig

constitute an expansion of th

f generate parameters that can

applications.
This |l atter point wildl be further describ
example of application of -bVas etdo adsasteas scroemit
significant metabolic quantities.
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3.Machine |l earning applications in type 2 dia
guestion

S3Modbhsedddavan anal ysi s

Asdi scussed in Chapter 2, physiological Sy
parameters that woul d not be directly me:

i nvasive procedures sometimes not compat.i:

the opwyotrd umdapt the information they <car |
machine | earningheal gati bthabke baHdbeassde,dt he u
met hodol ogi es and machine | earning approa
that, starting frommadt erirzyed ad gygtea dbeaitt s wet
all ows obtaining irett eapld et almlde moe uletas i ¢ gn
raw dat a, together with the advantage of

t herefore fbern-nmgensluappbi eati ons.

To give an example of this kind of appr
of machine | earning techniques t®dadevel op
par ameter assessment i s i ntended to shed

devel coffmelm2tD i n women who had GD during pr

3. Machine dpm@lring attyipoens2 edndabet es

gestati onand drieasbecarecsh questi on

As previously mentiiosnea,h digeelsetaes odiiaa g nda saebdk
third trimester of pregnancy thatamwhs not
even if it resolves afteridé&l itwedegyveiltopi 3.
i n t hlel YR 4dIlciefndrleys e a rhcahs oemxdpfi 20D WMideeofhni ques

to handle | argauaomomant caf | gatataj@dt2]knowl
anmur sdii nfger enit n plue @ois® sdinavgersdfgigsa3t]i,on 114] .
[115], [116],, [ddt7iimat]ildB] 0F ,[ T[A DIdtejt sekc[t1i 202n]
of subjects affectferdomyt T2 Dg eonfelrgald ¢éTdhapelt s
charact el agsaif[flio2edalt a mofhl[218% 6e]

2This chapter cont a[in8s3mater i al published in
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However, the application of such techniqu
devel opment of T2D in women with a previous
explored and the few studi eflememdg@gpesachegsthi
(i metabodl omi dgn2 €]s, [,12MN]i,c h[ 1c209]si st i n t he
and det eorfmatnaalbdloint es i nofbli oéogd catl atsasnppresem
di sease or speéercudiar sémnvwmiul o nirfme nctgpam p amoi dsuolna tti
nor mal[ 1s3t0Oal |letshhoi usg pfri cerhids iimrsg t o appowapéesona
l i mi tations and chalbleedrodnees tmaeand | tad | men @ddrt d
outcomes Bset giladgni c al

As far ags awe |l kMdeave cbni gles t o analyze dat

mo d-le & sfeeda tduersecsr i bi ng par amet ews nfevephy dieeinog

performed in women with a history of GD at
chapter is to settanupgehan fMIlctforame wiomodhg t hos
specific metabolic processes, swhabcnhendet er mi

at .riskke r edhtarpbies thteructured3. @sedeordtloowshe S
met hodoluadtnhgel ii mdls euls edlat @ he ifoema isutdeephe wt r act
the classi fi cfadri mwml ateecodpireens eBraass t he obtaine
and, fBeral3ltglpe mai ndreedbksts are

3. Machine | earning framewed k based or
parameters t o udnertaevrenti ntihneg fdaecvteolrosp m

type 2 diabetes in women with a hi s

ML techniques were applied to a dataset app
guantifying specific metabobdel Iprfocrestsiesn sal
i nsulin clearance, which are all J[r2]l evant |

The workflow for data analysis is reported

3.2C0Linical dat a

D a tusad inthiswork werepreviouslya n a | y thessd uifir6o 8 $ ,Ag[r ®U]p of
78 women who experiweneednal yizetdoroptr dfy @ED st
mont hs aft eafted ep é Matlonwgup lestanquudt o 7 year s. Durin

4 4



3.Machine | earning f rbaarseewdo rpka rbaanseetde rosn tnoo duenr a
determining devel opment of type 2 diabetes in

f o | -U pvemen were screened for diabetes and s 0 nokthem had a diagnosis of

T2D (n=19), wher eas thedsemseon h'®njge ddli dwomeé n d e v
were norairdlyetpiosswepar eamed with antidiabet
T 2 Diagnosis.

Botéhar |l y postpartum andipat ¢hedragppob nd of
WO men under went a frequently sampl ed i N s
tol eranclevQTels)Gl (B @9 e m@a/sk g)nj ec0e & amidnt i me
insulin (0.03 I1U/kg) was inf ssmpl dntwamnve n
anadyzedat fasting and for 180 [Bindfob|l o@j n§, g
19, 2 2, 27, 30, 35, mi40 gfl @@ ,0s €0d),(,mbiorDg:ul1i4n0
( pmotalnldp eCpt i del) (pmakimh concentrations.

3.2F2ature extraction and dataset generat:.

Features were extractedby appl yi ng mat hemat ithedlM model s
| VGTT cdlecteche a rploys t p.alhet nemhy generated dataset i n cetl u d

ant hr opo me threiid bdlayt ammefidgdieg,dy matkee Xt ndek pdan
model-based f e a t tua ¢ eswith ether computed p ar amet er s of physi
i nterést the gener atreelabelledas apetogr weifmens ( PF
progr ess e duing ehe foll2wbup per,iwhite as -pooagressors
( NONPRiM@&di d nottof2D.ogr es s

I n detail, e Xt r ac tomulted fmee @ tnu raerse ais n cul nuddeer c
gl ucose, ipnesputliidne eAudma&C meR)cdi vi ded by t he
dur aft5;loln i) area under the imswpulamdcauevend

phase MspUGf t hel tcesse ditacdep @ Epaamdc eaf t er

(Keg i nsul i n icnofnupsuitoabsbluteassl otpéekeaife clofoggl uc os e

mul tiplied hb®0aln0dd4Zndhnnaothe 10Ot er (&bl29) vy espe
i ns-dependent-iadeépensgehingl uSaonssdkealis sapeekar ¢
by the mini mal moweli cof agbocpsevkidepset aas g«
di stributiph32mhSSme mpdhebddsnsul in effect (
and glucose effecti VJydadmBa8gs-patd szesitom siud 39 nl isre C
asfort he acute i ns{lBEm]dr e shpeo egscieli ted IGR@ s ponse (

i ndegemput ed as t he me an o eptuipdeabasalke:
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-~

espectively, iBnmi he duk nveGgl Todhi esripliodsl i t3i on i nd
DeEpmputed as t heampd otélpndRidec b b weed &ontri but
f i nsul ibceddt iffaBBdan dn

Mo r e o& raodel-based methodology has been used to derive i ns ul i n

—~

(@)

secretion bryatdeecOinSR( tult-p eomt iode pdoamscreant@ at i or
M VGTH & hhibsallowedtoextractt he f ol | ow) ngr d @ atmders t h
curve of | SR(t) for ame ahoé¢ Als€m:mpt hd AUICr st
t he s(ekWw@rgepphascof t hipba®ealt ; secretipmnelrlate (B
responsi vi ti) t ototdgil ucwlsien (cl earance during
Cleajh and i alssean@Cland s @en@ppase( 6L ]i v) i nsulin
| e ar a rsepatiomof theth e pat ) ¢ ah BlEeepxatriac c@lt ri buti on

(
c
derived by applying the appdbdcliegscopbedd.i
section 2.1.1

Insulinpesk af t er gl ucesagirbmpardt iadm ef! i nsul in
(PleakNsESY Cop e p tpéakd é€e Ak and ignljuedest6eBAOSE) have been
al so incdatedesitn ntghe | a)s maag | alcocheibgd gn i ncl
the most i mportamdi agnosical omnagkecosertol er
[ 1 1A dmmary of the features included inthege n er at e wWith theardlateds e t

measurement unitsisdescribedi n  Talb | e

3.2CBassification problem and data analysis

The classification problem consisted in cla
as input t he ¢ o mpdesaibeg abogee n drad tae da nGdd tyass st h a
per f oimO@readrDg@Mining ( v . 3. 28s)o,uracne i celpaehrad &Ztaa i on,
mi niadgachi ne tlomad rkn éablgshi s hal p rttwoggh themmi n g
front-endOr a n g e . Thiatoovsahsopewserf or expl orati ve rapi d (¢
analysis and intefa8bjve data visualizati on

4 6



3.Machine | earning f rbaarseewdo rpka rbaanseetde rosn tnoo duenr a

determining devel opment of type 2 diabetes in
TabMIBescription of all the features included in th
Acr ony Description Uni ts
age Age year s
B W Body weight k g
h Hei ght cm
B MI Body mass index kg?m
Oo Basal glucose mg/ dL
GMEAN Mean area under the glucosemmol /L
IMEAN Mean ar ea nusnudern tchuer v e pmol /L
C meAN Mean ar ea -puenpdteird et hceurG e pmol /L
AUCnsp Area under the inphlaise odrvepmol /LAmin
AUCnsp Area under the i n$uhlaisre cor vpmol /LAmin
Ke1 Di sappearance rate of gluco%/ min
Ke2 Di sappearance rate of gluco%/ min
S Insulin sensitivity 10MAiWeU AHmL
Se Glucose effectiveness min
\% Distribution volume of gluclL
BI E Basal insulin effect of glul@Mmih
GEZI Glucose effectiveness at zel@Gmi™h
Al R Mean of suprabasal i-&ismilnn pmol /L
ACPR Mean of spppabdeainCt-8emitnmnnpmol /L
DI Di sposition index mi n
BSR Basal secretion rate p M/ mi n
U1c bcel | responsivity to glucopM/ min/ (mg/d

AU€ecr Area under the secretion cupmol
AU€ecrr Area under the secpbaasenotupmol
AU€ecrr Area under the secdfMpétaisen odup mol
C lvwean Mean insulin clearance duri LAmnmti n
Clueanr Mean insulin clspamaercefduesLAmi n

Clueagpr Meainnsul in cl eatfamaee dafr i tngsL Anmli n

Cle Exthreapatic insulin clearance¢eLlmin
FE Hepatic insulin clearance %

lreari rsT Peak insulin after glucose OU/ mL
lreaknsectPeak insulin after insulin OU/ mL
CrEAK Peadpe@tide ng/ dL

DOSE Glucose dose injected per kg/ kg

47



3Mod-bhseddrdiatean anal ysi s

The input dataset has beeandrreepooiciersgresd by
amoRBOG and NONPROG through a omeads uwWue |afert hF
| ocal deviation of the density ofl3&]gi ven
settings for the BOBntadmiomat ihonovex e 4 %, A N e

=)}

Metrico =FeRualriedesaen.ecti on, consisting 1in
ertinent features, ai ms to reduce t he d
ompromi sing classification performances.

egrade classificaoatdiuen n@aqcaowrn aey iy tihet moc

reprocessed dataset has been given as 1inp

redictivendiedhennirrgspl asstper idtay at onto nod:

Y
c
d
Y
deci si on itg esyfiotwdhbflchat ur e det ecmioprs stheeb
Y
gai nwaatsicbogseed byt a heev alrweaet e features for s
a

node. Parameters of t hfiel nddeuccies iboinn arrye et rweeer
means that the generated tree will beabinary tree; i Mi ni mum number of 1 ns
|l eaveso = 3, me ani n g undetiaketa tstpd i d | gvdhri icthh mvodid
| ess t hamsganmesitnrtao namyg of the branches; ADo 1
t hano =intbhitsswthiittlpe nodes with I ess than 5 1in
deptho = 100d,epwhti conf Itihnei ttsree to 100 node
maj ority reaches 95 %0, indicating that the

reaching9 5% of t hsamplel assi fi ed

To eval praittiee paver e f t he sel oncdlvnglt hfeeat ur es
classification problem, they were given as
namely Napve Bayes (a probabilistic classi
assumption of f evkichddna requireaheparaneta setiing, @ h d

penal i zed | o ghos paianwtersweegrree ssseitonas f ol | ows: n R
typeo = RIDGE (L2), Cost strength itf(tC) = 1.
wasseenthaapenal i zed regradviaon agmedeli  sltewar i oS¢

sampl e si ze and mul tiple hijgh3 ¥]Alclor it daleat e
classification algoritfhim$¢dhavesbeemal bdatt ol
given as input of the <cl assitfoi czaetrioo nmeaalng oarnit
uni t vtaor iaadjcuest t heir vRBelrufeosr etaamicaa ac 0o mmo was C

domewn t he avehag® fachdss
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3.Machine | earning f rbaarseewdo rpka rbaanseetde rosn tnoo duenr a
determining devel opment of type 2 diabetes in

Feature Selection

Decision Tree
*  Feature rescaling
+  5-fold cross-validation

Feature Updated . e
Matrix *|  Feature Naive Bayes Classification * Performances
Matrix

*  Antrhopometric characteristics
* Handcrafted metabolic indexes
*  Model-based features

+  Average performance for
Logistic the 5 folds

Regression

A

* Selected Features
+  OQutlier removed

Figuowor kfl ow uaseal yeoirsdat a

3.2Pérformance measures

By considering PROG class as ©postheti ve an
following definitionsapply:t he PROG cases classified as P
algorithm were considered as true positiwv
NONPROG by the classification al gohiet hm we
NONPROG cases classified as PROG by the cl
as fal se paadstihtei vVRR QG P ases classified as
classification algorithm were considered &

The performance of each <classificatior
computing the ftond oawriemag unedesrurtree ecwvreve (-
operachbangcterithdcilcass s(iRO@C)ati on accuracy ( C/
of cases correctly i dent ithépreedc iBsgi, aeh.e( ctlhaes s
proportion of TP amondhexsars<xisIhbaliateysi (hdedatae
as recall, . e. the proportion toef posit
speci $k,ciety t(he proportion of negahei ve <cas
F1 (i .e. the wei §Ran&®d .har moni c mean of

3.2Cl5assification algorithms comparison

Venn diwegusafoscompari son of «c¢classification
correctly classifieMoaprdvmrsctampafisedncast
measures PRUESRIICAHA, F1) has tlreeaghh heeBhygemedn
i nterpretation oft etfhie8 8pJai r wi se Student 6s t
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3. Resul ts

Character i sptriocse sxsfe dt ldea t parseeY | danrde 2r5e ppaurtt eod i3I
have been found.Renadawaest wieeartd SNONPRO®Geanhd 2
PROG) , thus resulting in a total of 75 cas
decision tree provi ded a6 dfiaddeteutritefrsie sfdoa | dish e
were O, 328i’h &3/ pM/ min, 39 years, 95 mg/ d
BMI , BSRBanaw@p rgespectilylyiley sefRieguread f eat ur e
beemntioto be significantly diffebemnt bet wi
Cmeasigni ficafpeowdst,Wislele Tabl e

Confusion matrices for deci sion tree, )
regression are r &lerecorerdecitny Ficdasasi liB3ed ca
cl assi ficatesultethtobe6é Z2o0r 61 haned 63, respectively
curves are reporftecerdmamcdigfureadi2.cl assifica
of AUCRRSESRPnd F1 and comparison among al gc

Tabl e VI II and | X, respectivel y. Penalized
Napve Bayes i n StteerdnsFbfbAtUBGHRIENR, nnt hms hof
Napuve Bayes was superior). The Venn diagra

correctly classified/ misclassified cases ar

mi sclassified casegobytbaims wherel &8sahdcati

NONPROG
77.3%,68/75 Q

<0.03 >0.03

NONPROG
87.7%,57/65
BSR

287 >28.7 <32.4 >32.4

| i ¢ - - ey ‘
66.7%,2/3 77.1%,27/35 .

age

< 39 > 39

'NONPROG PROG
86.7%,26/30 80.0%,4/5

>95.0
NUNPROG }

50.0%,3/6 ‘

Cpmean ‘

< 240 > 240

FiguBest predictive features selected by decision t
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3.RBesults

TabMlel Characterpsotcessell daevapet.

Characteristics PROG (n=17) NONPROG (n=58) p-value
age 36.6 +4.7 33.3+x4.2 <0.01
BW 75.0[18.8] 65.8[15.0] 0.03

h 158[12] 164[12] 0.04
BMI 30.6+6.4 25.4+39 <0.001
O 96 [11.50] 84 [8] <0.001
Guiean 5.9(0.8] 5.10.7] <0.001
ImMean 211.9[102.8] 201.8[78.3] n.s.
Cpuean 240.9[65.4] 182.4[97.2] 0.04
AUCns 1p 1520.9[1120.0] 2125.5[1053.2] <0.01
AUCs 2 36992.9[18872.1] 34468.1[1417.8] n.s.
Ko 1.56 [0.63] 1.93[0.88] <0.001
Ka2 34+£1.8 47+1.8 0.01
sI 3.1[2.0] 4.7 [2.7] 0.02
S 0.018[0.008] 0.022[0.005] <0.01
Vv 13.9 [1.00] 13.4 [1.36] n.s.
BIE 2.4[15] 3[2.4] n.s.
GEZI 1.7[0.6] 1.9[0.7] n.s.
AIR 132.8[103.0] 194.4[126.5] <0.01
ACPR 158.2[150.0] 254.0[138.8] <0.01
DI 0.52 [0.76] 1.36 [1.25] <0.001
BSR 39.6 [10.9] 31.8 [10.4] <0.001
01c 42.02 [33.31] 67.80 [31.90] <0.01
AUCsecr 32324.0[11317.6]  24734.9[15607.7] 0.03
AUCsecrip 6252.9[3285.6] 7146.2[3591.8] 0.02
AUCsecrap 27324.0[9849.6] 17450.7[15298.7] <0.01
CLuiean 0.78[0.47] 0.69[0.42] 0.03
Cluean-ip 4.17[1.76] 3.30[0.92] n.s.
CLuwean-2p 0.68[0.35] 0.53[0.39] <0.01
CLp 0.56 + 0.53 0.39+0.42 n.s.
FE. 0.50 [0.13] 0.53 [0.14] n.s.
| PEAK-FIRST 36.0[39.3] 53.2[39.5] <0.01
| PEAK-INJECT 559150] 493[281] n.s.
Creax 380[140] 465[197] 0.04
DOSE 22.5[5.6] 19.7[4.5] 0.02

Data are presented as mean + standard deviation or median [interquartile range]. Significanceaavet ¢

0.05. n.s. not significant.

51



3Mod-bhseddrdiatean anal ysi s

TabMlePer f or measuresabtainedfort he t hree c¢l assification algorit

Classification algorithm

Performance
Tree Naive Bayes Logistic regression

measures

AUC 0.795 0.831 0.884

CA 0.827 0.813 0.840
Precision 0.830 0.854 0.834
Sensitivity 0.827 0.813 0.840
Specificity 0.700 0.821 0.662

F1 0.828 0.824 0.836

Tabll XCompari son

Bayesian

classification

reported.

of

t he

p e r theocrl maasnscief i m@ad s wme sal @mongd hr
i nterpret at i-toendemshtageph e b geati lr avtt stefhaS t stahwene 6s t
algorithm in the

row is higher than

AUC
Tree Naive Bayes Logistic regression
Tree 26.2 11.3
Naive Bayes 73.8 28.3
Logistic regression 88.7 71.7
CA
Tree Naive Bayes Logistic regression
Tree 57.5 42.5
Naive Bayes 42.5 38.0
Logistic regression 57.5 62.0
Precision
Tree Naive Bayes Logistic regression
Tree 35.9 42.0
Naive Bayes 64.1 54.0
Logistic regression 58.0 46.0
Sensitivity
Tree Naive Bayes Logistic regression
Tree 57.5 42.5
Naive Bayes 42.5 38.0
Logistic regression 57.5 62.0
Specificity
Tree Naive Bayes Logistic regression
Tree 13.3 57.6
Naive Bayes 86.7 86.6
Logistic regression 42.4 134
F1
Tree NaiveBayes Logistic regression
Tree 52.0 47.2
Naive Bayes 48.0 46.0
Logistic regression 52.8 54.0
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3.RBesults

Sensitivity

1-Specificity

Fi gbReceiver Operati ngdinddrdercd csti smpudle ferdlsa p(vROB)ay e s

ingreena nfdrl ogi st i cinaraegg r ebefiaacudn t t hreshol d = 0. 5.
Predicted
NONPROG PROG I NONPROG PROG b3 NONPROG PROG 3
_ I 58 _ NONPROG 47 1 58 _ NONPROG 53 5 58
g 17 % PROG 3 14 17 :-30 PROG 7 10 17
2 g L TS g I )
75 )3 50 25 75 b3 60 15 75
Decision Tree Naive Bayes Logistic Regression
B
Logisti S T Logistic
Rs;rua:siin o sr:e Re;relsslion T:;a
63 \ 12
Naive Bayes Naive Bayes
61 14
FigaBe A) Confusion matrix for decision tree, Na
di agda&dmedrrect classifications; right: misclassific
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3. Di scuamsd omnoncl usi ons

The feature extraction instead of the use o
gl ucose, I-pnesputl it dne ammeda sQi r-leMG TdTu r a Inlgo wehde al Md e ¢
i nterpretability of the findings.

The main novelty of this study wasthe appl i cat i onl eamfr nmaghi ne
techniques to sucadi @ #pdoiftcdc onft ed &t amdasTe2D r
assessment i n wo miadeedwiptrhe vhiiosuso rsyt vodfi eGD.i n t |
have focused on | i p[ild2o7i,c s[.lo2I8)metdalizaddairhiaa s

study by UJdpRagidgmedktt mldet er mine whether cir
weeks fptegwangy with GD were asgaedi ated wi
development and | d €kt i2f0i:e486: RE( Pand i P5d 3a8spéci es
signi fi canTheotha tavckstudies(o y o Ka h h 1 2a8njdalAl | al ou et
[ 129y oposed di fferent predictive signatur ¢
mor eover, reduced sphingoltirpandssi thiaovne fbrecemm &G
T2D12&dnomi cs o6 ahpwewerpaarceh esst i | lusedind | itryipd a&lal |y
pr acthusmeaengour ahudwsier alternatiofwiew from t he
Itisworth notingthatmet abol omi cs/ | i pidomics predictive
compl ementing it with cl| asg[ilc3da®It hcd ri enfi ocrad oaun
appr oa déseecascud ndp | e mithrdéspecttyo mi ¢ s a poqcet ohaecyh e s
wi feathc | i reettioga |

The maihereirsestuha i dentification of dispos
rate of i1 nsulin amaptmeden @ocre@e nutnrdatri @ mec (Cr v
rel evant features fAmongi hdepypeovgruesaantohyiog T
met abol i cbapsraolc essescerse,t i on rate of-pepsudeéen an:
concentr gptrioovni deeuravequant i fi cwhiteidiosnp oosfi tii msnul i
i ndex represents the combined contribution
a n itk importance is supported by evidence sinceitwas already found to
conversion to T2D i n ph14M&dgdesauchmgedesdasani ol ogi c &
age, body mass index and fasting glycemia h

Compar i s o rnhetestecectasaifecation model s were based on

CA, precision, sensitivity, specificity an
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3.0 scussion and concl

resulted the best model for the classific
hi gher values than Naupuve Bayes and deci si ¢
AUC, CA, sensvhieNajpvy Bayedlperformed bett ¢
and spaddéccstygn tree reported | ower value
measunbgsstic regression presented higher
| ower value of misclassification foll owed
being inclusion of penalizedr egr essi on (L1 oahadr2ac taesr iizne dt |
the fact that it may includea s mal | bias into the ,meaxi mum
couldclamthatthish el ps t o redudenptriodevsagreineanad i rad i
resuld4s]

Ma ¢ h-li @ & r methadlofpgiesh ave been ext mthefiddel vy e xp
of T2ZDprevention anhdl3manajgkim®elnt [ 119], [ 120]
[ 125] butlZad]so showimsges pdans$ Helcapal y ®ir gal
amounts of h e is efectedhbyg theepoesanse ofdsaptuar i ous corr el 8
[ 1 4w®hichi ndetchaatt t he cr eatinepme rodd yapemaadpas at e
done i n isoflpirs matrydy mpachaeove Hvelhdughthd e r es ul

population under study was constituted by a | imited nu
been strictly controll ed-ugpeidd mMor eoved, dul
subjects have been carefully screened to

from the dat asethecioieecbb6r dropei agalbwysi $ he ouf
performing data i mputation only for specif
possi bl e biasThssnod onaihanc éhe isao h't ynalcdhammei ng
techni quéewlyingh auwaglel wymounts of dat a, i's jus
hi gh number of features incl udmathinet n t he

leaningmay al |l ow det er mi nat i @imheathé hahdhwehamost r e

| ow number andd msiudpph ecomber of features, oV
achieved resul ts may be a l|ittle optimis
a | g o r|lso uskd hor feature selection. 't has to be ackaowl edge

ri sk of ;hotve stleesdoptiod of we-k h o wn s tsuchaad pergui neisn g
(through which the redundant {dHmédmrdchcesoscart
val i dlbwedustomitigatesuchrisk[ 1 4 3]
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Il n this study, data anal ysDaaMmag been pe
[ 1 3a&Pythonbasedtool thatshowt he advantage of providing a
fremtd exoprl orative rapi d gualitative dat a
vi sual i zat i o nevenibtimeprogtameisuodercoatinuous updéte, it may
hapthamossi bilities in data analysis are | im
t hiecbui |l ding bl ockso. Further studies may ex
|l earning algorithms starting from the resul

| ooncl uswaosn,t ktéhuaidpyprisyti n g emaarcnhiinnge t echni qu

adat atblaste contain features quandudlehggi ng met a

test in women with a history of GD at ri sk
i ndex, basal secretion rapepbfdensohcent ma
curve, age, body mass index and fasting gly

features for t he pr olbisreesss dbimpact sncethe GD t o T
i nf or rpravideddfmr om t hi s pattern <coul d be of I
characteri zati on o fandbuldsbheetde sl ipgahtth oopnh yGO , 0 | poog

acceilnegppapbrtunities foenpievention and treat
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4 . Sloftware packages and tools for

4 St andardi zati on of CGM d

SThemdvancement i nr@clkeedeabkrerd!l ody i nterpret
amount of @whodhcededlata bhhse definition of
to assess g]JYydéémjchcedampahnhi ed by data dis

assi st clinicians and patieinnstiackihreg ntah
progrefases consequence, CGM data interpret
of standardi zati on, even though in the | a

over come t hildgAfliirmstt aitmponrt ant achi evement
recommendation by the ADA for the adoption
Gl ucose Pr[df4WwHecphAGBWwadaysently adopted by
CGM devices ma nuudcaacndirac i evement was re
happened i n(ADA7284d 2001@ernati onal consens
and ADA 2019 internationalwheanssamnss urse acm €
i nternational consenswhsi cohn rGsGMa michet nad eadneat! ryis
that shoul dobencé¢adap@tadée¢ldqo]

Thchapti enmmakk@e a step toward standardi zat
by investigating the agreement bet ween m
software and tools in an effort to identif
one to be ussedoifnthlkeeresetarshep.®Sectviong C

4. 1 wi ll review 12 software palciktagreat urhe,t
namel y: Gl ycul atGdl,DEEas y&3GMP, CGMdepool , C
cgmanalysis, GLU, CGMStatsAnalyzer, igl u,

summari ze the main findings.

4. Poftware packages and tools for tfF

CGM data interpretati eoltions,s whaccihl ihawe ddibfy
characteristics in relation to @&t/ I ntenoco
patients) and pr orve pdafr G@adata with lkldo ylifferdnt f f er ent

3SThis chapter cont a[iln6s9 Ima t[e2r8i4a]l published in
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4St andardi zation of CGM data analysis

met rAsc e ingpvahinch functional ity fhowesrifsor each

sometimes not so straightforward.

Bei mgufocus -oommeornci al |l vy availPabsloef t wal at
packpglkki shed unthdv®ekeenbeirde@®i2ilThed fr om
timeline of their firstCopmpbalriicsaotni ohna si sb esehno w

terms of

T main chariacet.er ipsrteiscesnce of (&GUG
avail,abpriedseypsmumomnée code, pro
suppdcrGMd dvidcdeaetsag upl oad sampdpodad
format and organization of th
of a toy exampl e, wvurndietos tadrove
preprocessing procedures
data display options
comput ed@ameor aoal ytadhaermencee n
2017 and the ADA 2019% aadreaa

bet ween metrics computed by d

On the basis of such comparison, Section 4.
of usability and complexity of data managen
cust omi zeeyroru pp atniad rnytsse s , by highlighting |

in relation to possible different user cate

CGMStatsAnalyser 3

N\
: IgluR rGv P
TIDEFODL R R

cgmanalysis cgmquantify

) o ) ez ) o ) s ) oYz ) o ]
R | R

‘\ CGManalyzer GlLU
Figb4eTi meline of the first publication of avail abl e
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4 . Sloftware packages and tools for

4. 1Standardization of CGM data analysi s

Main characteristics of the available sof
TabX.Avail able display options for each sof
I ntroductorfyri efachpotdyv dcdedn in the related

foll owing.

Gl yCul at or

Gl yCul] a507Y , [,15véida,ppll 1 T2}t iiont avhat esbt evers
Gl ycul htttops :3/ /(gl y c U lHaweverrtheb 6 mr o eseavdlaig b /
fortheversonG|l y c u |l atttops :2/ /(gi t hub. g.otn/ kpbawacal/ ¢§lay

ver sati laittays,etsilmaalicdhg can be performed sp

among those supported or chodbengomputi eamgo

metrics are easily accessible and downl o.
platform, together with t.he raw data file
Easy GV

Easy[GIVo 3] (ep$94Gl ycaeind ca Vaofitawande typpl i cat
i n Visual Basic and enabled in an Excel (
Easy GV software vi1io i s freely avali

https:// www. phc. ox. ac.ltuskalgdyessdenaesegchass e sour c €

t h a to Kssease of use. One of its main characteristicsisthatt i me st amps ar e
mandatory for computations, thusif theuser doesnoti nc thenden t he spr eadsh

the softwar d odcsed enirdetp eplelloal® ng t he anal ysi

CGMGUI BDE

CGMaUI BE1 550ont i nuous GIlGWfosre DMoah e@toes nEv a |
was designed usingvdMATSLAB @E00VBbormmanthas r

publicly availabl e.
GVAP

GVAR 1566l ycemi c Vari abil istoy t wWamaéy parck g ®
developedi N MATLAB envi r onaeinh topes-surcsandfnr e2d ly0 b
availlatbi psat/ sourceforge.net/ propeovsdghygyv
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https://glyculator.btm.umed.pl/
https://github.com/kpagacz/glyculator
https://www.phc.ox.ac.uk/research/resources/easygv
https://sourceforge.net/projects/glyvariab/files/?source=navbar

4St andardi zation of CGM data analysi s

t hretructionst o bui | d a s tbaansdead oanpep IWi ;matoiwsn f ol | ow
i n MATLAB environment. CGM hidlet. aextesmiont be pr o
andcontaini ng,DfagwermiGmel gmhscose, ®Bxprlnesgdexd in
(a counter associat,addwathl eash dgDadcoswsval

Tidepool

Tidepool [ P3i %t fachvads ed comprehensive platfornm
managehate mtt esy ndtoe madbmodi fferent appTheati on
dashbiomacted Ti dewhosetodwsb,fully available o
(https://gitiowlyl.dtdnsptfirdeegp o drp adliaadnbycsi ans an
payi ngaa@acéeseeony mi z e b pravidet. A sneotbs | dor dagptpa

visualization (enme aelvse,ntc drrbaactkyichrgat e i nt ake
e X e 1 isincuded and anew one, theTi d e p o o | , recently gbtaireecpFpo o d
and Drug Admi rmleasncerard isiintended t (oF DcAoyima Bluetootht o

commercially avail abl e toecsasalcantrollep umps and CC

CGManalyzer

CGMana[l y>8drfreas of t war e packagenvdaeawahdemdead i n
avail abl et t ps:p/rlogrecn..ror g/ web/ packages/ CGMart

Among its features, ital | ows comparing data oTID,di fferen
T2D, prebetes and heal thy people

cgmanal ysi s

cgmanpli9] sa free sdévebhopegarchadgke and avai
CRAN r epohstittposr:g/r/@jtreacrt..ror g/ web/ packages/ cgma

its soursmavaotabl sltgwvesalGii stHudf. supported CGMN
together withthep o s s ithoi lprtoyvi de a mawoaulmyny &adgcsst édl
containing antimcdensti &merandDgl ucose reading

GL U

GLP16i0s] a software package developed in R e
on Gi thdtutbpsa:t/ / gi t hub.ltgeesd MIRIC$ EUb6 GLBupported
but in the case of devices other than those
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https://github.com/tidepool-org/blip
https://cran.r-project.org/web/packages/CGManalyzer/index.html
https://cran.r-project.org/web/packages/cgmanalysis/index.html
https://github.com/MRCIEU/GLU

4 . Sloftware packages and tools for

through the conver sOf ooe dd toa aa maglcoesdeas form
nightti me and doa glow gpeeifying pp @ gatalcy, and di a
condittoongderpopul speonsi ¢ ccideme b cdtiegs | st i cs

CGMSt at sAnal yser

CGMSt at s[AhGilgy seerfreel ybaaswai laapbpllei cvae b on ac
https:bli/losdlkadrs. shi nyapp.s. Mol/l tCiGMISe aCGEGMnaatlyas
be uploaded into the software using the d

summary metrics betitenabtesse Ige otuipsg of hs ubg tercit s
the variabl e c¢chosseunbjamadngc htabsagrevidimgfa st he f i
di spsayedry of thiican else dewnul asdded as a *.

gl u
i gl ua@x] a fagewer opgenof dwaebopadkaget he R env
avaiabbtps:// githubTheeondatra niamgaemt/ed | uy t h

come fr om,gaeny httdeecolumm®rmatc ont ai ni ng the ident
the subjdeadte (adidd &)i tmree (rhd a sner 6 gnleaundedc sgd ' H 1 oo
ex pr es s eldOf note it andyebsebthefactthatti meée pendent metri cs
evenly spaced dat abydenerttingeegr gduobsequalduss e
me as ur thmuwghtheGGMS2 DayBy Datyi on

r GV

r GvV163s] a f-geer ogpeqnoftware packagwthaevel ope
GUI avahttbsde/ @ashiny..bilots tsaup puonrnt. sefdaug yGVQZGM
usngt he functi on r e adiadclGavighy iwdhg ncaht teinmag | teas a ¢

t wool umn frame containing only time stamps

cgmguantify

cgmquaantissi ya fsgewr ogemnoft war einbpoatchk aigne , P ydtehvoe
programming language and R enviamdmsmanr@ai |l abl e at
https://github.com/ Digital Bi.oSaamekeCDBMSsScoOVe

devices areimpwpporftuencc,t i mmts ar e ni rme ltthdeedk t

col umn:gt uadvestee tl & e ,
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https://baker-biostats.shinyapps.io/CGMStatsAnalyser/
https://github.com/irinagain/iglu
https://shiny.biostat.umn.edu/GV/
https://github.com/DigitalBiomarkerDiscoveryPipeline/cgmquantify

packages for CG

4St andardi zation of CGM data analysi s
TabdGverview information of software
@
2
=
w @ " c
Name - a = [ 5 £
o D — < > = c
T > o o c o] 8 ]
2 2 I 3 8 & 5 2 :
= 7 5 £ &£ 5 £ 2 5 2 3 ¢
[0} i O C} [= O 5 o O o Qe 2
Zr?;r 22 d oct oct dec apr sep gen oct- feb- gen apr jul- aug
Y 21 20 11 15 15 18 19 20 21 21 21 21
version
Citations 68 221 24 19 29 17 23 4 0 5 0 1
GUI yes yes yes yes yes no no no yes yes yes no
Available yes yes no yes yes yes yes yes yes yes yes yes
Open source noy no no yes yes yes yes yes no yes no yes
Programming Mat Mat R
Language# R Mi 20b08 2%10 JS R R R app R R Py
Dia
AbF  Dex _Med Dex
iPro2 AbF
Glut  Med Med Dex
Supported . " " . ; AbF . AbP .
; any any any any 11 Dex iPro2 iPro2 any AbF
devices§ Dex +~ Med .
Med CL any ; any
G6 iPro
any*  AbF anv* anv*
any* y y
csv,
Data format )t()l(; xlsm xls xls d.s. d.s. csv csv csv csv csv csv
xlsx
. . fiiz, id, . id, g,
time, time, time, ) time, time, . time, .
Data frame gl d.s. d.s. time, time, time,
gl g gl o9 e e
idx
Missing data es es no es - es es es - es - -
imputation y y y y y y y
g&ﬁ{;’cess'”g med med med med -  high high high med high med med
. both Sl mg mg mg Sl Sl mg mg mg
Input units units units  -dt -dt PO PO nits units  d . di
Complexity for .
data upload low low - med. - high med. med. med. med. med. med.
Download
reports/data yes yes - no yes yes yes yes yes yes yes yes
extraction
Units to Sl
n yes no no yes no no no no n.a. no yes
conversion only
Documentation  yes yes no yes yes yes yes yes yes yes yes yes
Updating yes yes no no yes yes yes yes new yes new new
Toy example yes yes no yes yes yes yes yes no yes no yes
Video tutorial yes no no no yes no no no no no no no

Number of citations provided is based on Scopus (latest search May 2022).
* any device is accepted after conversion to a general format;

# Programming languages: Ricrosoft (Mi), Matlab (Mat), Javascript (JS), Java (J), Python (Py), Ruby (Ru);

§ Supported devices: Abbott FreeStyle Libre (AbF), Glutalor (Glut), Dexcom (Dex), Medtronic (Med), Diasend
(Dia), Carelink (CL), Abbott FreeStyle Libre Pro (AbP);
- not available information;

g

Gl ycul ator

sour ce

code

avali
gl:glucose; idx:indexd.s.: device specifig).a: not availablened.: medium
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4 . Sloftware packages and tool s
T a bX | &vailable display options for each softwarackage.
Name Display options
Glyculator a)daily CGM graphs
b)mulptaiti ent time in range Vi st
(al l downl oadabl e analysis r
EasyGV none
CGM-GUIDE a)glucose trace with -aodofid g ot
ranges
b)transition density profile,
the dynamics associated wit
across critical glycemic reg
c)rate of change and histogratr
every recorded time interval
GVAP a)glucose curve
b)mean amplitude of glycemic e
Tidepool a)daily blood glucose readings
target ranges set)
b)CGM trends related to 1 up t
sel ecieecknedeydat ed dat a)
c)percentage spent in the sele
graph)
d)ot her i nformati on related t
(di splayed through widgets)
CGManalyzer a)glucose |l evels in several su
b)glucose |l evels in time
c)mul tiscale samndalgé bernthr dpy (M
each group
d) iantenna ploto to display, b
scal e, di fferences among pai
groups the mean of differen<
axis and the strictly [siGé]lda
y-axi s
cgmanalysis a)Aggregate Daily Overlay (AD(
showing median, interqpuamrdcet
CGM values-hower ptelhe o214 ( si mi |
b)ADO Loess smoothing version,
overl apped curve representin
c)colcorded representation of me
GLU a)glucose trace versus ti me, \
provided) including meal tim
capillary blood sugar measur
b)Poincare graphs, to visualiz
each point on the graph is t
point t compared to the gluc
c)histograms of glucose measur
vi sualizabl e
CGMStats a)trace of gl uctoisree wietphr e sermpteecc
Analyser and the 5th and 95th percent
b)i nteractive visualization of
possibility to observe the
speci fied grouping variabl e
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4St andardi zation of CGM data analysi s

Name Display options
c)heat map of the correlation b
iglu a)glucose trace plot over ti me
b)Lasagna plots, which allow v
subjects or different days f
c)change in the wvariability ol
throughseaitismgraph (in whic
point is colored reflecting

or through a histogram pl ot
d)an AGP report organiseéedtinstt
in ranges in the first, CGM
guantil es) in the central a
hyperglycemic and hypoglycem

rGv a)pl ots of glucose trace over
b)rate of change of glucose ov
c)a pl ot representing symmetr.i
based on a function that tra
amplitudes of hyper and hyp
symmetric[dmlBadynd zero
cgmquantify a)longitudinal CGM dat a, incl
hypaend hypoglycemia accordir
clinical threshol ds
b)Locally weighted scatter plo
be displ ayridgiovalr CGM dat a t

4. 1 CBMmetrics

Acompr elsamsaveg of the CGM metrics computed
along with their d&W.crlinptoirodneri st og ipveernf oirnm Taa
the available software packages and tool s
terms of computable metrics, a standard CG
dat fd4émBalJs considered. The selected CGM reco
type 1 diabetes (Subject 1) and was obtain
device. Results of t h)Xl, 6lalmehliycshi si sarad sroe pucsretfe
which are the metrics thaResaiht beofcompet ad:
the whole D1MANBO reipmaseetpubl i shed work sup
matefL&BFUrther det ai | s about peculiariti e:
computation that may be wuseful from a pract
packages are provided Tabl e XI V.
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4 . Sloftware packages and tool s
TabXI®escription of all the metrics that can be
Met ri Description
eAlcA Estimat ¢d7@pA1¢ 171]
%TARAY Percentage of time spent above
%TBRAY Percentage of time spent below
%T 1 RAY Percent of time spent in the t
%o .eXpe\C__wPercentage of time the device
readi ngsAy
Average daily risk range,varsisa
ADRR within [f18%X] space
AUCA Area under the glucose curve (
measur ement )
AUci gh/ 1l ovAUC above and -/bheylpoowg | tyhcee nmhiycp elri
COoGl Continuous glucded&@3monitoring
CONGA Continuous overalll74alet gl ycemi
CVAY Coefficient of variation of gl
dayti me Number of all sensor glucosé¢l¥%p
Distance TThe sum of dtifd eakbsockutiemn gl ucao
consecutive[] CGM] readings
EF Excursion frequency, correspon
excursionsThe number of |l ocal glucose p
specifiab[lleS5%]lhreshol d
. Measure of fasting glucose | ev
Fasting I:)rconsecutive glucose V4lb0bés occ
FD Fractal [di7T@ddnsi on
GMI y Gl ucose managleimeh]t indicator
GRADE Gl ycemic risk asses[siImed]t i n di
GVP Glycemic varifab7r9jty percentag
HBGI / LBGI AHigh blood glucose in[de&2] , o[wl
Hyper/ Hypo Hyper gl ycemi a/ hlylpdo&]l ycemi a i nd
| GC I ndex of glycemic control, eq!
i nddxo6]
I QR I nterquartile range of glucose
Ji ndex Measure of both the mean[1&Vl]el
LI Labili[ty82]ndex
MA D Mean absolute deviation
MA G Mean absolute gl uclols&3]Jchange p
Mean amplitude of glucofé&8ekc
MAGE [186], [187]
ma X Maxi mum glucose over all days
meanAy Meagml ucose over all days
medi an Medi an glucose over all days
MGE Mean of glucose outfsi8®] range
MGN Mean of glucose indilde3]range (
mi n Mi ni mum glucose over all days
MODD Mean of dailgyl wWiiad&&rences in
MS E Mul ti scal e [slag]l e entropy
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4St andardi zation of CGM data analysi s
Met ri Description
M-val ue Measure of variation of gluk®%
nighttime Number of al | sensor glucose
hodrnld 9]
Numbg[ of Number of days the device was
wor nAy
E:szgy(ﬂ Number of epimpliddekisd (dedwvea )BG® em
number OfNumber of missing glucose read
val ues
Personal glycemic sasasessendmbpo
PGS glycemic control mean gl ucose
frequency and seydmRiOfy of hypo
Pl R Percent of time spent inside 1
mi nutes), [dedlault = 1SD
P OR Percent of time spent outside
mi nutes), [dedlault = 1SD
Mean of the blood glucose mea
Poewvent AUoccur-hnbog-hbur2after memhy s inmeali
e v e[nlt9s?2]
Posewvent t The number of mi nutes between
peak peak [Va&l2y e
Q1 First quartile glucose value o
Q3 Third quartile glucose value o
Range Rangegl o€ose values
ROC Rate of change of glucose
SDA Standard Deviation of glucose
SD of ROC Standard deviation of the rate
Standardized glycemic variabi
sGVP glucose tracandfaredi zedi ng/hi ch

undull dt9i3d n

Please note that in the original software name of the metric may slightly differ from the one here reported.

A Key
y St an
rangg149].

for CGM dat a
CGM metrics

metrics
dardi zed

66

anal ysis

for clinical car e
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4 . Sloftware packages and tools for

TabXlelCompendi um of metrics val uesr ecomrpdiitregd aomnc ar &iin
the different software packages.

S > g g 25 5y
s || | | T | 3|88 2| | &
3 @ > 3 S o =T =) < g
R - 3% :
O © o
Version used 3.0 10 1.1 1.3 273] 020 0.1.0| 3.31| 0.0.1| 0.1.0
eAlc (%) 8.4 84 | 84 8.4
},2)'?"6"6'1” 49 | 49 | a9 50 |50 # 50 | 49 | 24
TBRilevellll| 15 | 19 | 108 10 | 10 # 4 10 | 4
(%)
TARlevel2 | o5 | 55 | o5y 25 | 25 # 25 | 25 | 25
(%)
TBR-level2
(%) 6 6 6# 6 6 #| 6 6 6
TIR (%) 41 41 on 41 41 41 41
Expected
CGM 100 1008 100
readings (%)
ADRR (d.n.) 65.7 54.68 | 65.7 | soon
15
6.2 (10
. _ -
AUCY = | 107 (10 | 107 07| )
(mmol-I+) * ‘min
-min 24h
AUC
133.0
AUC- 24 (10
hight | 0 '1* )
(mmol-I?Y) : /-
‘min
COGI (%) 36
CONGAL 311 | 2.2*§| 25 | 2.5 25 | 25 | 2.5* | soon
(mmol-I)
%CV (%) 48 48 48 48 48 48 48
Distance
Travelled 21*5'9
(mmol-I'
EF (count) 20
Excursions
over/under 7/ 3
(count)
Fasting
proxy 5.8
(mmol-h
GMI (%) 7.9 7.9 79 | 79 | 79
anA)DE 14.85| 14.37 14.85| 14.85
GRADE-
Hypo (%) 14 14 | 13
GRADE-
Eugly (%) ? S
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of CGM

dat a

anal ysi s

Glyculator

EasyGV

GVAP

CGManalyzer

cgmanalysis

GLU

CGMStats
Analyser

iglu

rGV

cgmquantify

GRADE-
Hyper (%)

84

83

GVP (%)

29.68

1.20A

29.68

HBGI (d.n.)

14.22

14.23

17.46
AN

14.26

14.23

14.23

5.54"

Hyper/Hypo
Index(d.n.)

3.66/
3.13

IGC (d.n.)

6.78

6.78

IQR

(mmol-h

6.7

Jindex
(d.n.)

81.60

81.44

81.44

81.44

81.44

81.46

81.44

LBGI (d.n.)

2.53

2.54

13.75

2.54

2.54

2.54

3.60"

LI (d.n.)

6.3

6.3

MAD
(mmol-I1)

4.9A

3.5

3.3

MAG
(mmol-I?t)

2.3

2.2

2.3

MAGE Yy
(mmol-I*Y)

8.7

12.4

9.0¢

8.1*

8.6

12.5

n.a.

soon

MAGE+/
MAGE-y
(mmol-I'

9.1/
8.9

12.6/
12.5

n.a.

max/min
(mmol-I'Y

22.2/
2.2

22.2/
2.2

22.2/
2.2

22.2/
2.2

mean
(mmol-Ih

10.7

10.7

10.7

10.7

10.7

10.7

10.7

10.7

10.7

median
(mmol-h

9.9

9.9

9.9

9.9

9.9

MGE
(mmol-h

11.7#

MGN
(mmol-h

0.7

MODD
(mmol-h

4.4

-1.08

0.98

4.4

4.4

4.4

soon

MSE (d.n.)

array

M-value
(d.n.)

294.8

47.5

47.5

65.54

number of
days CGM
worn

number of
episodes per
day

0.5

number of
missing
values

PGS (d.n.)

26.99

PIR (%)

n.a.
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4 . Sloftware packages and tools for

. ) (2] " =
13| 2| 5| % g
o 9 2 o< )

POR (%) 33

Postevent no

AUC event

Postevent

time to peak no

i event

(min)

Q1/Q3 721 | 7.2 7.2 7.2/

(mmol-) 13.9 | 13.9 13.9 13.9

Range "

(mmol-1) 20.0

ROC

(mmol-I? array

min?)

gD(mmo"' 51 | 51 | 51* | 51 | 5.1* 51 | 5.1* | 5.1* | 5.1

SD of ROC

(mmol-It 0.05

min?)

SGVP (%) 0.022

Total

computed 19 26 12 10 23 11 15 39 28 19

metrics

Total

computed |5 | 4 5 1 | 14| 6 | 10| 14| 11| s

standard

metrics

Total error

and 1/19 | 1/26 | 212 | 110 | 4/23 | 0/11 | 0/15 | 1/39 | 0/28 | 3/19

warningTot

al metrics

Grey-color cells indicate consensus metrics (2017 and 2019); settings for the metrics are as follows: n=1 for
CONGA, LLTR =80, ULTR = 140, a = 1.1, b = 2, ¢ = 30, d = 30 for IG&@per and Hypo IndexM100 is
considered for the Malue d.n. stands for dimensionless numbreg.indicates that the metric was not given as
output when using the tool; ino evento indicates that t
absent (as in the present case)eintliePyhombhaded veesmamasd, dshat t he
declared by the software authors, will be made soon available in the R version (the one here used).
Metric values in agreement with the expected ones are marked in bold; errors/warnings/notes are marked with flags
described below (detailed explanation is provided in Supplementaryinfo.docx).
Error/warning flags:
A error in the computation;
§ warning on the code;
1 warning on identified difference for no apparent reason that can be detected by the authors.
Note flags:
y difference due to the specific algorithm used and/or the time interval considered for metric computation;
|| difference due to inclusion/not inclusion of level 2 values as part of level 1 (>180-ingrdl81250 mg-di1
for TAR-level 1 and <70 mg-dl or 5469 mg-di1 for TBR-level 1);
A difference in the interpretation;
* conversion from mg-dIL to mmol-t1 using 18 as conversion factor;
# two-step estimation for level 1 and 2 of %TAR and %TBR,; this estimation was not obtained directly from the
software but offine by the user as a result of a tat@p running;
not directly provided as percentage by the software;
- no metric values can be obtained due to accessibility issues.
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4St andardi zation of CGM data analysi s

TabXleVv Observationmehrpecgbimpuittaitéeés®snisnlisted

Name
Glyculator

EasyGV

CGM-GUIDE

GVAP

Tidepool

CGManalyzer

cgmanalysis

= = = =4 =4 = = = = = =A =4 =4

=a =4 = = =A =4 =9

=a =4

Observations on computed metrics by each software
M-value is computed as M100 (weighted average of transformed
glucose with respect to the reference value 100 rig;dl
MAGE is computed following Service et al., algoritfih84]

AUC is divided by the time in h
metrics are calculated in three day intervals: 126000 AM, 6:00
12:00 AM, and the whole day

M-value has the possibility to set the reference ideal glucose value
(default is 120 leading to M20 index)

CONGA[174] has specifiable time window (default value is 60 min)
MAGE has the possibility to compute a modified version, MAGE
CGM, for peakto-trough ortroughto-peakidentificatior]185]

%TIR, %TAR, %TBR allow customizable thresholds

LI [182] has the possibility to define the interval (default is 60 min)

CONGA has specifiable time window

MAGE is computed according to tieitzschealgorithn{186]
TIR, TAR, TBR allowcustomizable thresholds
AUC-high/low allow customizable thresholds

CONGA has a fixed time window of 60 min

MAGE algorithm slightly modified and separately considers the me:i
of the upward excursions (MAGE+), or downward excursion (MAGE
)[187] the meaningful excursions value can be set with#s@0 mg-dit
%TBR and %TAR customizable

AUC-high/low is divided by time in min

for CONGA and MODD only result from whole days are included

TBR, %TAR, % TIR default thresholds are based on the recommer
are 54, 70, 180 and 250 mg*dand for % TIR thresholds can be
customized

CONGA has specifiable time window

Groups comparison computes: mean difference, Cl, SSMR|ye of
two-sided ttest and a feature based on SSMD, named class of effe(
size[194], representing the strength of the difference between grou|

CONGA has specifiable time window

MAGE follows the Baghurst et al. algorithih87] and allow
customizable time threshold values for excursions (defaults are 35
10 minutes for upper and lower, respectively) and of a value definir
how large an excursion must be to be considered in the MAGE
computation

%TAR, %TBR, %TIR thresholds can be customized

metrics are provided separately for daytime, nighttime and whole di
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4 . 2ummary of the main f

Name Observations on computed metrics by each software

GLU 1 %TAR, %TBR, %TIR computed with specific threshold values
depending on particular conditions of glucosierance (using the
arguments diabetes and pregnancy, whose values follow those
recommended by the consensus) or customizable.

CGMStats 1 CONGA has specifiable time window
Analyser 1 MAGE follows the Service et al. algorithfh84],
1 %TIR, %TAR, %TBR computed using the thresholds recommende
the consens($48].
1 AUC-high computed with the option of selecting 10 mmbbit 15
mmol-I* as threshold
iglu 1 CONGA has specifiable time window
1 MAGE follows the Service et al. algorithfh84] with the possibility to
choose an alternative version implemented in iglu which emulates t
manual MAGE computation
1 TAR, TBR, TIR default thresholds are the recommended[bA8% but
can also be customized.
rGV 1 CONGA has specifiable time window
1 MAGE follows the Service et al. algorithfh84],
T %TIR, %TBR, %TAR have customizable thresholds,
1 LBGI and HBGI have the option of using their corrected vef4ig0]
1 compute metrics also based on EasyGV to allow comparisons
cgmquantify 1 CONGAZ24 with n fixed to 24 hours
1 MAGE follows the Service et al. algorithfh84]
1 computation of SD and CV considering the entire CGM trace and

separately for each day and computes the mean, median and stanc
deviation of all the SD and CV obtained for each separate day

4. 3ummary of the main findings

This review outlined the 12 available sof:
CGM dat a, by irlcihqahrlaicg k&kmmsghg thleb epi oneer s Eas
and Gl ytcoudl estitihaelre mor e recent ones, such as
i g hauebeen continuously updated( nNmme cessarily with ,an acco

whileCGMGUI DslB ot & wdil lya b I. @f notenhgrenvere seme packages

that were excluded from our analyses for different reasons. the MAGE sof t war
packlalgge6 whi ch takes i ts namevashotconsderedh e h o mo
because i t rel ates to the cadhepdakapeas otf haa s

branching out from exi,sstfortnlpe omaese wefr eCan tsi
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4St andardi zation of CGM data analysi s

Gl ucose Dat a AhadDgsian (KGDhbAackage (al so |
https://github. dom/hBEatdVonsasebhke€B@DAMevel oped
sour c eof tlee ke spackagegc g ma n aHven shough the an a | ywsasi s

focused on t he software solutidarme anmainl ab
characteristics of c¢omme thavabeels/upmrnoaprriizeetdariyn s
the refefd®®¢ article

Inthefollowing sections,so me ¢ 0 n s that veere dravm by oursanalyses
are here summarized from the point of view of different fishadeso of u s expertise,
starting from thosewi t ht encchni c al p rsartlragivimgio sofjware k i | |
developers on one direction, and pitting clinicians against researchers on the other

direction
Usability and data management complexity
Fo rbasic users, sof t ware ppchagdese 8haUI (such as

CGManalyzer, GL U, tha make avaitpbieoy u alretoi S{(ya)s o inalt h e
case of Gl ycul ator andetTaidleepdo 0ds,) ¢ mamgnnt ad d io
represent an i Fplhodanvhadvamtamgeage i n simp
pr ogr ammi nthecHoieeofghetaolgvdl rely ont h gpecificpr ogr ammi ng
| anguage skills and tihded acesshilitysdnisueitny of t he
the case of MABRIsSAB @omrd kByeesl, for instance,
r eqy iwhile d n t he c dbsassedf swkbtions t hat does
downl oadabl e version such as CGMStatsAnal ys
and analysis is not all owed when the websi
mai nt eCorsideingt. he point of wofewnofndevel opecsen
the community of users represented by resea
opesmurce scripts are very important since
standar di zat i otwo ncefc e afpeats when e yspire .o bt ai n
comparable and reliable results.

As for the compl e xthetmgstiropbctfudfactorastimea na g e me nt
packages that directly support the data f
devi ces wi | | be more desirable since they

However, this aspect is not the only one t1|
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https://github.com/EvdVossen/CGDA

4 . 2ummary of the main f

management . l ndeed, CGManalyzer seems to
complexity in data management with respect
data format from popular CGM devices; con:

of compll leeii tt yindeeddrocens poimboftvievofc i t gt iGdnycul at or
and EasyGV appeared as the most used in

ascri biedi mmpl itchiety i n data management and u

Standardization of CGM data analysis

Thelack in standardization istheresult of thehighn u mber of metri cs pro
|l iterature and the wvar i ethayaroef garvoawilnagb Iwei tdh
spread o fRedG&My, diceenst hat are willing to moni
to adjust ¢tard hpee angtecetshire mgr ov,e meinltls prefer
software packages that provide metrics an
by the interhndtdi8qdnaf rlemad shgrecaredonitresulted

thatt he hi ghest number of standard Theet rics i
AGP r,&ypdorstp| ay i migitiveiud ftarprheet i on aept keesame

a power ful vi sualization modality, whi ch
version as [49&0¢tl mdmat incdul ar , tsétdeo st acke
representt i me i n range, al so part @ powefih e AGP r

representati on afastitnh ey rdroa nmiqingpEadBbbempaag t 5 0 n
package provides a rather faithful reprod
the proprietarylfheofstowdmwar ®olswtliuanox.ns Gl yc

i gl u mseckedbadfort i me i n rangehowsouad |jxfatt em
a ¢ ¢ o uthetautomatic adjustmentofdi f f er ent t hreshol ds in d
patients (i.e., older patients, pregnant v

Ontheoppositeside,r e s e air rcthasmasefacusedon al | t he met ri

di splay options that b e srdativatyet@tt h et hree sneeaerdcsh
guestion theynwahte rtasaddfesasdvanced statis
machine | earning methods, having a high n
desi an@dibd et hi s regard, iglu provides a tot:
compared to the proprietary s-obmmepbasal an

ones. Thus, incorpor atthemgt r ncshehsaof awar eo

73



4St andardi zation of CGM data analysi s

coming out wio @ V @ | yaebhsideomg ptohses i bl e correl ati o

exi stent ones and their wusef unthiseegad, i n char
software authors should consider including
and)&disavail abJasmdi t hieglmbor e recent Gl ycemi a
[199]a composite metric that uses both | ev

c omp utlais watm noting that, cur r e nt | y, packages inclade the t h e
possibility to computetimein rangeswithbothl e v e | 1 barnedatkiesholtde | 2
at the ,sawhei cth meoul d be r equlnthiecase iftonre comput
sof taleowt @€ set cust onheany Wwdy wouldbeu ismgd edesp wo
running and then computing difference bet we

However, may sbeopntdatooairmmaeé¢di athe user s.

Quality assessment and agreement in metrics computations

Toassessthequaityof gl yc aeemduaionaaoantdelquate sampling
isrequiredinordert o achi eve an appropriate | evel of
| ndeseodme metri csmay beeome MAGE®RI i able 1in the

significant data | os[s2000r]Cd rosve issaumsp | ri engo mmeesmC
diccatea CGM data | ength higher than 70% over
suffi compuefTl Roin presencel 20fl nsentarlassessd atthaa tl o s
hypogl ycemi a, especially i@l yoemilcatyv amisa kcihl
argeteunst abl e and requifrz202Pmgerset ndloev |l mpag
I n c lasabes practicetheuseofd at a qual i t ynCGM dethanabysis met r i ¢ s
(as already provided by EasyGYV, Gl ycul ator ,
hel pi ngbebtwareoftbeperesence of dit fei ngmbbaetraoénda
available for t hdei sacrd lmj sniag .i norde dfeerr,ences
represent another important point and MAG anwdalMie were shown ab
attenuating the influen[c203000n wihéi ot seabj éc¢
packages that provide the poasidbidlaigtrya t o c
(single day, daytime and nightti mbutall ow t
al so-pentsoa.

Theas s metsof e qui val e CGM matmoings computed by

software sebksttriaogdtiof ® r watr d. For metrics hawv
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4 . 2ummary of the main f

suchasforl GC a-md | itMeobviousthatthes ame settings among |
softwar eaes ®lqwtiiremds f or compari s,theeeagur poses
oherpossi ble source of ddof me rsed eiffecricesisa i n ¢ on
raw data Mmaminsdlopénaftarome d I n different w
softwar@gr edpurra phages s ihrogvenveelgig @ me pr epsranc e s Si ng
important q u al i t yfeatwep sintert hle use of raw CGM dat a

unmeaningful immtnid dwsr. c & 6k coibatchree peaxnicsiteesn cnt
of plural ways to comput e agdewmntaiitniteasi nhi anvgi r
the same names and acronyms., Amhieggm mpl e 1 ¢

an algorithm for peaadh amledimpmettatiooversas) d det ec
indeed, it showed poor agreement amom@ 0 4jafsf er en
confirmed by rAnstherlednspleal discrépdmticanputationtithtyve

foundoutisthatoft he AUGce often units differ and
performed across dusftlelee etntwaday nidalaians @ir & armiss
is to rely on thoseutoel sotdkhabrpaovileasop
docume nTheetréasop.ac kages, sucthaarse ctgrmainmag ytso s
validation against metrics obta{B868] by p

however comparison is possible only in ter

Which isthe best solution?

Overdll, the study here performed helped to shed light on whichkindofdi f f er ences
may be found in metric computations across different software packages and offered

asimpleand fast tool to magnify possible faults and advantages of each of the analyzed
solutionsDepending on the use, each of the revi
that can be exploited while performing CGI
Ti dep ool prepehtssatdfda rt m o n ahose isvestigationcweassout of the

scope of this analysis. In particular, it enables the patient t o i
hi s/ hernodte voincleys QGM b u tglu@mhetoe n 1 saurl d nk eptuanpes |
i n a siamdgdseheaipem di r e cdinician, thus rt ehp rtehsee nt i ng
power f ul soluti on for tel emsstéegheci needr act
standardi zation of metrics relatfe206]o i ns.

Research studi es anal ysis coul d al so be
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4St andardi zation of CGM data analysi s

CGManalyzer and CGMSt atsAnalyzergrosgs hat al | ¢
different populations.
However, choosing among all the avail abl

that he/ she may need muthatheteisrooneszaefds at t he s

all solution to answer the question. Moreover, agrest needtoc ol | abor at e on sof
c o d ifomngulation of c o n's eannsdu ss't anmprdvamerd of s o f t war e qual it
contr ol , d o cGnandenance ledaisa.n

Conclusions

To conacnl uvodvee,r vi ew of the available software
data has been provided. Reported informatio
i n working in CGM data analysi s, as to clir

capablndlafngha€ GM data effectively.
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4 . 2ummary of the main f

S5 Feathuassed CGM idvaegm anal y s

4 n Chapter 4, evaluation of the available
carried out in both qualitative and quant i
depending on the user expectatioenssuanded eq
than another when dealing with CGM data a!
one in which this thesis is placed, the c
computation of a sufficiently hedhby utmber
2017 4a8n]d P Q@ 4c%]nsensus, and at the same tin
way. This is particularly desirable if th
expected. The software package i1iglu showe
respect to other tdwai liablwi |dacbkea gtelse CGM
choi ad masst t he applications presented bel

Thi s chapter wi || p rbeasseendt naacbBeneesl ea
applications that wi | | expl oit CGM comput
algorithms that wil. be selected for the
cl assi fi eddoimationsditfhfaetr eanltl ow obt ai ning int
to using raw CGM data. More specifically,
field of innovative diagnosis and early ic
case, aGMNrcceati & et iICme wi ndow, i.e., the post
be exploited for feature extraction to s
individuals with T2D or prediabetes from I
i n the dtolceurs owadd, be in the early identi
di abetic retinopathy st arsbia@ngd if o .203me &ds Mw imle It
show the devel opment of a ML framewor k
hypoglycemia; edhit® wihlel claseappl iexerci se i
n

[ di viduals having type 1 diabetes; from
hypoglycemia before the start of exercise

wi | | be then xappdfi eemmdithleycsiomtienduced hy

“This chapter cont di2resn]dnaitre[r@d 826 5 gon[fA&E8dh e d 2i80 ]
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5. 1lnnovative diagnosi sfcaoamp | e aralty oinder

The diagnosis of diabetes, as previously me
from which f asAlichgpR@l2dcos e@goOGHB have to b
t he early characterizati on of T2D i n i ts
met hodol ogi es and i n CDé&sdSaarste dy emar sr otult @ né e gi

practi t[iloln® ]ri djattr8¢r AhvbBsetupwaaspMmec.al | y used
to monitor gl ulc?@oe] ICDVEBEs has Be&EBn a whil e
resear ahsms ianevestedat nng posstidl et wpy!l i c.
glycemic var i[&0i®i ttyo ichrhaTabterize progres.
condition to pHiedOfbMetiemd ocraamtdbe®@ONexpl oite
classificati onMbmopperlsaclhasedt oondi sti ngui sh
categories of subjects, such &§21tpr maR12pr €
[ 213]Howekhese studifdsuctcamdi densedrer neever al
witttayw fl ucsdawmtaontshe polshtupshasdirapreserdowt h
gap in the | it erantduraedidnheastk ieisls sheicgh loinght ed
On the other hand, early detection is of

mpli Asergnsommon complilscaheomeodof ndl alme € e s

o O

sfuncti Ohaberowo &etai comaltiptry oognD&ghsaitvel v | e
bl {2dd4$ 4 smofrfeedthsan 100 imi |1 s oesiptesmat ed an
rdemi wel t o 160 [rRillSITiome liyn $2 (45 chameént al t
celerate DR progression befoegquéentevet bheE
sessment has teatbly sdadtdel dthiean fi sr daame t hr
al ysi s of f uln2alu&]a pdtanmagmiarpge y t as ke d by

ht hal nmwld oagn & t Aal.p poraosdeedme s su s aft aedldi t o mat i ¢

rienegh t hout hsmamnt ifmgnuwturso m magesgr awitii® and
nedafcadl7]Sol uti emar s-paedeaeéisf undus camera ir

| eopht hal mol ogy have been als¢2p8pposed

o o ® 6O T S »wW o € o0 XK O

wever, compliance t o stth dalonmahotyh ailnndiicv iedxuaami

- o T @ n» o 9 9 o T -~

Q

il to achieve ti mellPHop aagmotsh esr agiadp tfroera twr
new technologies such as CGM devices and sn
DR detection by broadpfB2@pb the access to sc
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5.1 lnnovative diagnosis and early i de

On
he
I n
fo
se
e X
re
di

no

Da

Da
pe
b a
as
un
pr
br

mi

lldentification of differences in postpr

Subj ectsubvjea csttugsp evi 2elbdir elEda b e t

the basis of 't hae dceofnisniidteiroend tthiame ifsr ammpe
|l p subdivide dshdetrentnedatheoglgysemhat vaf i
parti-telrar gl gybemic variability refers

uctuati onst,erwhegrlieyacse mc @amgviad aurab u bt t pns o]

veralewemwhf§ R&flHutsh,e research question in
pl ohengossibility of wusing fluctimati ons
sppasa standardi zed meal, to create a

fferences in the postpramn@dbPplediealpenss &

rmal Warblfelcaw.of the used met hodol ogy i s

taset preparation

ta used in thisfrpamraelhyvav dicezadn|ldea keeant a
rtain to 30 partici pla2narsd teh adi ahqarvees ibse ema
sed on ADaAs gdueisdcerliibneeBa ritni csiepcatnitosn hlavle bee

nordnmaviT2 ®r pr esdicslpeotrde e XV.IEmchalplag t i ci pa

derwent 3 standardaddlzdbrditenssavalt @ wiatrly i 8 g mialn
ot eins, anade,ceawve df iemehs meal twice, on s
eakfRatti capartemwbGhde CGMmMgenmge véals of
nut e8) mMromtemebbbtake Dheuntil 2.5 hour ¢

TabXd\Ww Participantsd characteristics.

Participantsd all normal T2D/prediabetes
n 30 20 10
Age 42+14 38+13 50+12
(years)
BMI 266 23+3 3245
(kg-m?)
Fasting insulin 6.81t4.1 4.812.0 10.4+4.2
(LU-mLY)
Fasting glucose 94+14 8715 108+15
(mg-dL™)

T2D: type 2 diabeteBMI: Body Mass Index; 2dO0GTT: 2hour plasma glucose after Oral Glucose Tolerance

Test;

HbA1C: glycated hemoglobin; Tri/HDL: triglyceride concentration divided by-tégisity lipoprotein

concentration, an approximation of insulin resistaiv@dues areexpressed as mean + standard deviation.
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Data inspection and preprocessing reveal ed
or |l ongerpe@hadAcrgsui sitions that were at | ea
than expected were discarded, while the ren

by removing and/or adding samplreyi uaesm@autdi n
following sample or repeatiangttrmiasmpibed) avali
On the basi sxl|lafsspdrntciadiipaant ®ach CGM record
CNTf belonging to a subject e@lsds diefliosmmdyiangg n
to a subject classified as having prediabet
recording observations, 105 ofprwehdiicahb eatrees | a

has been included in the dataset.

Cl assi pricchalteino n

A classification model has beewsCildsiogned t c
T2pPpkediabases The <c¢classification model was
modempl emented by fitting data to a gener al
di stribution of the error around the resp
function. The function tig¥MéndiL AB) .f i The hdkee cdLsh

threshold for classification was set to 0.5

Featewt ea@amnidomsel ecti on
From each CGM recordingndlarkeeaeixoe s eder a @

TabdWwExtracted CGM metrics divided according to the

Domai n CGM Metrics
Descri mean |, medi an, min (i.e.SDmra
statisskew (i .e., skewness).
Me a | rmaxGidx (i.e., timing223prtearnm
handcr post Pmean (i .e., prepr[a&mdiparl e
featur and postPtime (i.e., fractior

and above the [p23iprapeihdCCRme

-

meanFFT,F Frie dniF@n md&xa n 8 DF FOTi t h
Fourier Transform 226}t he CGM

- wm
® T
® @
~ 0
CO—P
-
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5.1 lnnovative diagnosis and early i de

Feature selecti on wlhefirstavasepplicagodof afiultt e m tt wme S
features e | e a b dwangerformed by v i slyianls mgetchtei scatter pl ot
reportingpai r wi se rel ationships between any con
of highly correlated features, poi nt bi se
correlation) to class was computed and th
ret awhite¢e the ot her di scarded.

The second step of feat(@r es s @flecasttu r@dn wa
selection, based on the cl| &@9%&iditihdcraotli gohn amo c
recursive algorithm based on the evaluatic
of the r esi dua22Sstingwitiothe festuesubsete 8l ect ed i n t
previous step, the deviance of the fit was:s
feature at a ti me watsh er edneowvieadn cfer oonmi tthhee mra

(devR) was calcul ated and compaandetg wi t h t

followingruleswereapplied: i f devR was higher than devO
value, the feature just excluded was cons
and wa s reintroduced i n t dorsidered arcblevbnt andot her wi
di scarded. The tolerance value -svqasarseet t
di stribution with 1 degree [0X27]reedom, i . €
Wrapper Feature + Deviance of the fit
Selection
Filter feature . fac:i;;biserialcurre\atioﬂto
selection »  Feature rescaling
+ 5-fold cross-validation
* Updated "
Feature Logistic H Classification Performances
Matrix Matrix Regression
* Antrhopometric characteristics +  Average performance for
«  CGM metrics the 5 folds

+ Selected Features
*  OQutlier removed

FigubseMethodol ogy wor kfl ow.
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Modweall i dati on

A |l ogistic regression model, fed either wit
thoses el ected after the wrapper type-feature

foldvaldogdsati ontwodhaessesutaingn model s have
Mr rin thefirst casea n drr Miinthesecondcasee Gi ven t hat there we

recordings for each participant and that th

the dataset, whenever the dataset was spli
cresad i dati on, the odfugestwwveati oams | aofdetd hé ns &me
training set or the validation set and not

Perforemandnauaati on

T2pktediabet EBMT cl asses were considered as
respectTiveplrie2dD/adbee ®scorrect Ipyr ecdli aasbseie¢feise d a s
defined TP, the CNT <cases correctly ~«cl ass
T2pPphtediabeeesincorrectly classified as CNT
CNT cases incorr eateldyi aelrea sestieff i et da $PT2D/
Evaluation of the performance for both M
by AUC , €A, R®BndSHh,y positive predictive valu

value defined as:

1 PPV
1T NPV

TP 4y (TP + FP)
TN /. (TN + FN)

5. 1R28sul ts

After the filter type feature selection, 1/
were discarded. The wrapper type feature se
arriving to 9 features. The timdX¥Mne of f ec
ROC curves andct hes e & orlanddef Marrdedp iicrt e d
Fiug e. dMndrtMgdevi ance of the fit was found e
respectivel y. Performancaendameaseaeragedoaceasst$
are shown i nMAabteMXVI I I for

8 2



TabX\l |

5.1 lnnovative diagnosis and early
Feature seMmasdliont etdi med4 i heatures after il
Mrr+wgel ected 9 features after wrapper type feature
Features  Description M et M Fr+wT
mean Mean glucose X X
median Median glucose X
min Minimum glucose X
max Maximum glucose X X
maxGidx  Timing of peak after meal X X
SD Standard deviation of glucose X X
range Difference between max and min glucc
prePmean Preprandial mean glucose X X
postPmean Postprandial mean glucose
prePtime  Percentage of time below prePmean X
postPtime Percentage of time above postPmean X X
slope Slope between meal and peak X
AUCG Area Under glucose Curve
skewness Skewness X
meaner Mean of Fourier transform X X
mediarsr  Median of Fourier transform X X
MiNgeT Minimum of Fourier transform X X
MmaXeet Maximum of Fourier transform
SDerr Standard deviation of Fourier transforn
1 — 7
Mer
09
MFT-—WT
081 Roc MFT —_— _Random 1
classifier
arl mean AUC =0.94 -
08y ROC Mer wr
Wos mean AUC = 0.93
0.4 e
P
~
0.3 s
e
rd
02} 7
e
Ve
0.1 e
s
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
1-SP

=
t

i
h

g
e

LéAs er ROE cC
f

mo d e |

ur v e sa ccrdosuad edd-var o
befor
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TabX\Wl.MdrandetMper formanaermeass urthes 5-vfadlidatofont he cros

CA

SE

SP

PPV

NPV

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean + sd

Mer 0.89 0.86 0.94 0.79 0.65 0.82+0.10
M ET+wt 0.85 0.86 0.91 0.82 0.74 0.84 +0.05
Mer 0.84 0.63 0.95 0.96 0.73 0.82+0.13
M ET+wt 0.84 0.63 0.95 1.00 0.82 0.85+0.13
Mer 1.00 0.95 0.91 0.40 0.44 0.74 +0.26
M ET+wt 0.88 0.95 0.82 0.40 0.56 0.72+0.21
Mer 1.00 0.83 0.95 0.79 0.76 0.87 +0.09
M ET+wt 0.94 0.83 0.91 0.79 0.82 0.86 = 0.06
Mer 0.73 0.86 0.91 0.80 0.40 0.74+0.18
M ET+wT 0.70 0.86 0.90 1.00 0.56 0.80+0.16

CACI| assi fcicuataicyn &E: Sensitivity; SP: Speci ficity;
Negative Predictive Value.

5.

Th

1DBscussi on

e

propbassedficatiicdi fmoelred nciedse nitn f post pr an

response of Ts2pjredti abkraeisngvith respect to

based on CGM data recorded during a standar

wor k
relatedtoa st andar di zetdasgeléadtingeseranhddags. | ndee

the window aftthe CGM signal from whichthef eat ur es ®Br e extr a

prandi al gl ucose r esT@dhisfef eirms isn dyinv if d wcaalng | y

response of a healthy subject, [fo23]exampl

t h

i n

—
> O 9 =T

o O O

da

pe
wa

be

e

e

r

e

a

S

S

efore it can be indicative olfn tthhei shealt
s tfiegaattuiroers wer e handcrafted and not com
packages presented in Chapter 4. Thi s
ble to enhance information in relation
idereddi Estunéro®ducing different CGM me

, are however desirabl e.

Despite a mul ti me mbalvsplkleads aibfeit ®at ivesn d(i a

I
a
f

n

d be preferable, technical probl ems ari
set slmdeed, tchliass so niembal ance has a negatiyv
or mances and, al though thef&3tékiisst t ec]|
a first attempt and .f uSitrielrar Inw etsd i gtah @
he shhheddg oanltseaxxt]j naChiamplke Bogistic regr

proven adequate to perform this <c¢l as
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5.1 lnnovative diagnosis and early i de

granting interpretability of the results
cont ext consid&imge mo r e di fficult classificatior
di fferentiating between predi abetmays and d
be nec[e2sls2a)r,YhelpesenBelofdi f f er ent CGM recording
subject could represent a further | imitatdi
were not considered simultaneously in the

The deviance of the fi-of iwhioé¢éhwaheamoidtel
equal to r8MN.d4 49 3f. egdrlwtM Dheanidg that Mrr+wif i t' S wor st o

thawmi Mout its deviance is still within the
tol erance, wherMeatno lfeduledtoloe® . 9 4 faBndd) M . 9 3

forrr«MT r evealni nbgo tthh actas e s, the positive an
separabl e, and the models are robust wi t

t hr e ohO®d! dCompari sommranbde=tMieent Mpmsf @f mance
measur es XV8)e,e STabwse wiechpartesMent s the opti mal
besides an i prpvwovngme retdrionfi tNer MEA ,0 f S Eneaamd
NPV, a | ower standard deviraivi®as acedsSextbhe
SE) can bien diingstadttraated-virh ® per f or mances of th
qguite independent on the trainingthend val
| owes't pewefenthm@8Rce¥hi s may have two expl a
positive c¢class is the minority <c¢lass, ac.
secondly, the positvawieact assiathestmetbietisnal bhd
CGM ecor di ng oslbjectswith prediebetes and with diabetes.

Al ong with the type of dadudyi ssedthe amoir
steps feature selection. With respect t o
anthropometricd af 228 model s that use metabolitesd
di scover hi dameoptipeas ¢ etr nisn t fhtdd2t2i 2c] ., me[a2s2udr]e me

The wuse of such data to eubetrhacst etrhiez e |
potential to account for individual di ffer
mi §229]l n this sense, this work can be frar
both because CGMmahli bawsd hlgec puxee itsheonl ogi s
model I mpl i e-b asae dp r idHusareesolablytcyo mpat i bl e wi t h
precisioh289hgnosi s
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I n conclusi on, the classification model
recorded during a standardi zed meal test
postprandial glycemic response of subjects

nor sxabj ect s.

5. 1D#habetic Retinopathy Detection

This study aimed to explore theWopoktfednotwi al o

of the methodol ogy is shown in Figure 17.
Dat alka
The cohort used in the presentBGpapardywas

i nvolving subjects having type 1 diabetes a
monitored for 36 weeks wusing a CGM device
gl ucos emienvuetieys] 5

A total of 78 subjects (39/39 males/ fema
of which, at the time of enroll ment, 50 ha
(subset referred as DR group) and 28 had ty
(subedéterred as NDR group). An inclusion cr
type 1 diabetes diagnosed for more than 10

devel op DR. Characteristics XXt the two grou

TabXleX Characteristics of the two groups.

Characteristi Groups

DR NDR p
Age (years) 48. 6N 12.635.4N 12.2<0.01
Sex (M/F) 21M/ 29F 18M/ 10F -
Hbalc ( %) 7.1N0. 7 7.2N0. 7 n.s.
BMI (%g/ m 28. 1N 4.7 26.0N 4.1 n.s.

Data are presented as meanzstandard deviation. Statissgiificant differences are set at p<0.05; n.s.: not
significant; Hbalc: glycated hemoglobin; BMI: body mass index.

5 i the T1D Exchange,

e source of the d a S
I y the responsibility of

e herein are so

a
d e
Exchange.

t
|

~ O
P

Th
present
the T1D
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Data Preprocessing and Feature Extraction

To process CGM dat a&atshkead firgd al ys od it evral @b Ipea c
usedwhich accurately allows both preproces
byur investigation pCGGM odamead wenr eC hparpetperro cde
mi ssing data points through | inear interp
(i . e.., 9 consecutive samples). Mor eover,
tempor al alignment of geadbh asapar dtr e mdaycah
all ow tthe ocomprurteaal e p@enoént i @M features; thi
the i glaGMeabayBynwDay

Features includadntihmoploemedai asehawarce e
sex, BMI ) and extracted CGM metrics, for

computed CGM metrics and on dare ke ffaaudnnd si

the iglu packaBechdoCG@GNhemetati onmay describ
according to one or more out of five diff
hyperglycemi a, hypogl ycemi a, glycemic con
opti mal ranges) anrd ,glgylcuecnoisce Vidruicabsialtiitoyn sf

detai l edX.in Tabl e

TabXdXx Extracted CGM metrics divided according to t

Domain CGM Metrics

Descri |CV*SD*, minimum (Min.), StaadigBuan
statist(1stQu, 3rdQu), Medi an, Mean, I C
Hy p-er GRADEhypergl ycemi a contributio
glycemihyperglycemia i ndex (hyper _inde
thresholds (above_ 140, above 18I
(AUGC) *, GRI *
Hy po GRADE hypogdwmmmbmt|on ( GRADE _hy
glycemiindex (hyp index), percentage o
below_70), COGI *
Gl ycemieAlC, GMI, GRADE and its euglyce
controlM_val ue, percentage of ti me sp
TIR_70_180, TIR_70_140 aka TI TR)
Gl ycemi ADRR, J_index, MAD, MAGE, GVP, N
variabi(SD. Roc) , MA G, CONGA1, CONGAZ214,

SDbdm, SDhhmm, SDdumbt ypels) ,( CUV N
CV_Measures _SD

*SD and CV must also be considered pertaining to glycemic variability domain; GRI also to hypoglycemia, AUCG
also to hypoglycemia and glycemic control, COGI also to glycemic control and glycemic variability domains.
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For mul ati on of the Classification Model

To fulfill the aim of the study of explorin
i nf ormati on cdataat acilnaesds iifni cGGGM on task was pul
class based on d(@il0 ifmsotm nt chees )DRa rgd otulpe NDR
from the NDR group (28 instancesDaa The ance
Miningenvi ronment (version 3.30.2).

Out ldeetresct ed twhretbenghc ILLOFed f r oAfter t he anal

outlier removal, the dat asspdti twasnto trainingO0&nd test

partitioning by random sampling and maintai
cases in both sets. The test was | eft apart
for perfor manEeateunalusack | iemvtaisoircsa rcraiseed out i |
steps a filter type feature selection met
features, by retaining those t hlaits eweirael hig
correl atiaen i to; 5ctlhaedhs, Rel i efF ranking met hec
reduce the feature set by retaining featur

mber of selected features as | ow as possi

i nput to diofuircatiifdrermadelcd , asnamel vy, Log

ndom Forest and Napve Bayes. Hyperpar amet

Out (LOO) cross validation. Model hyper

gi stic Regressirormrafi Riohgeaeva(SL 21)se dr eaquudl & o st

-~

KNN ANumber of neighborso = 6, AMetric

N

mber of treeso = 10, ANumber of attribut
l it subsets smalladivhdonal =tb5eeBlbi mi 8B5de P

c

~+

only was wused for both feature select

S 0w oo - - O U Y S
O ® T zZ O O 5 ®»¥ W c ® O ™
™

mali zed to have zero mean and uni-t vari a

-~

f ormance Evaluati on

U
0]

@]
o
S

sidering DR class as positive and NDR cl
correctly <classified by the <classification
respecthe vBRycases identified as NDR by the

considered FN, whil e the NDR cases identifi

8 8



5.1 lnnovative diagnosis and early i de

wer e cons Pedrefroerdmalre.e me telleciedc so t dwad | unaetree e a
classificationodl ROGARSEESPwé&nd AUC

Feature Selection

Filter feature

X S —
selection
» Decision Tree +  Feature rescaling
« Point-biserial +  Leave-One-Subject-Out
correlation to target cross-validation
v
Updated
Feature P ificati
Matrix Feature | Random Forest Classification + Performances
Matrix -
T
*  Antrhopometric characteristics *  Average performances
¢ CGM metrics for LOSO
Adaboost
Gradient
Boodting

*  Selected Features
*  Outlier removed

FigureMethodol ogy workfl ow. Of note, testing was d

5. 1R&bsul t s

Feature values differxosthoessmtoi fi cant Wy gi @

features were 27 out of 54. Outlier detect
dat desdengtga t ot al of 76 final i nstances. Aft
set included 5 features that were Sex (R
(ReliefF=0.05), SDb (ReliefF=0.0490onand CV_
off eatures with a ReliefF score | cawler than

thus was not pursued. Performance metrics for both L
reportedXNi nCadmbuei on mat(panel A)endVdromr dihegntaemd
of correctly <cl| assi(fandd)Ya raen dd hmoivien8dg arses i I i ed
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Fig
(1 e

Actual

Actual

cte
NDR DR
NDR 3 5
DR 4 10
3 7 15
Naive Bayes
NDR DR
NDR 3 5
DR 1 13
3 4 18
kNN

13 16

/2

Random Forest
16

L8 e@)nf umsaitorni ces

16

f

14

22

Logistic Regression  Random Forest

or

NDR 5 3
DR 3 7
3 8 14

Logistic Regression

NDR

NDR 4 4
DR 2 12
b3 6 16

Random Forest

Naive Bayes
9

VQQ

kNN
6

6 6

t he

Logistic Regression

f oBdnmodlied gr a ms tfher

ft) and misclassified cases (right) obtained
TabXXlPer f or mances
Model Performance Eval ua
Per f orshdm c O set Test sece

Logistic

k NN

Randfor est

Napve

Bayes

AUC
CA
PR
SE
SP
F1
AUC
CA
PR
SE
SP
F1
AUC
CA
PR
SE
SP
F1
AUC
CA
PR
SE
SP
F1

Regr

OPRrPRPRPPPODMNOWUURITWOOOWOUIOUITFL,NOWNWN

ORUOUIUNOUIODOONOUINN~NN~NON NN~
WOOWPORDOUITOO®OOO©NNWNEN®ONNN N
AORORORONNNUOOINNNR WS~~~

CA: classification Accuracy; LOO: Leave One Out.
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5.2 machine |l earning framework based on C
hypogl ycemi a: timel uccasde ho/fp oegd e/rceein

5. 1Diéscussi on

AML approach based omave& Mo d onBghiRegii @edtee@d € on
based apwpe oaft hCGM smesgtardv ca3fGM t)ii me dsst eheei e s
computationali sludad,b| ena kmemga p pabnidc agn @amtsi ng
i nterpretSabt Bihtey istegle ¢eaxfi €ed was al so confir|
stufkage]

Among the four ML algorithms wused, Logi
testing, with a balanced number of miscl ac
mi sclassified cases.elCGocmpraorne dc ithoesaddtaid iredsc c
CGM dat3elhi s appr caah |aahiAdNE8d candt d robveelran c e
by hiSghwdi chieasi ¢ bbb medarctad xt and suggest tl
i ntegrating both data sources. The main a
detection is in the opportunity to ensur
di ffusion of CGM wuse amongstpat ieesntesx awi tnh
di f fteirmentwi ndows (instead of all tfhor 26 we

CGM metrics extppacrttiwomi twi |florbei mmr wmvement .

5.2 amchine | earning framework based
occurrence of hheogaygeediiaederci se

hypogl ycemi a

Physical exercise is highly encouraged in
to i mprove cardiovascul[azr32hie¢alttoe meafvkcigaly c
effects in maimealnhygbgodydwki gmésand comp
psychosoci gd123 @& §gHolweevienrg, physical activity
aerobic exercise, causes changes in blood

of hypogctuyencebnotah dur i ng ansdsonf tTehri st hien cerxeears

ri sk discourages patients in engaging the
children and adolescents coincides with t|
at | east 60-omw nviegfo tneondse rtayt ep h yasyi.c aA | tahcotuigvhi
gui delines have been provided to help <col
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physical] 238}, vik®d]l subject and intrasubject
changes during exer ci s e nadnudc esda fhey paovgd i ydcaennti ea
an open chall engd.meC®Mnddwirdensy rcaal be expl ¢
of exelrice seessoci ation with automated insulii
i nsulin pumps to allow insulin to be autom
and carbohydrate intake. However, Al D accur
i's still imotptrievd @6 knedvueciesde h y[ p203ghl ]y ceos ai bl e
help may come from the use of CGM data bef
adverse events and provide the patient with

giving suggestions to counteract it before

5.2E4ercndeced hypoglycemia classification

Al t hough there are a number of studies that
to predict hypogly2zeé] a [,28wg CaOQM2 8rddta awar e
prior study that exploited classxéiciaseon [
characteristics associated with hywypasglycem
sectaiiant o i nvaeppligaatit on do & WwliMéig lisepsehca f i ¢

configuration of CGM metricscewvladabeed bef
prone to induce hypoglycemia after the star

da(yt o account also for nocturnal hypogl ycem

Cliniciads Stud

Two di ff erferndm dahialsceviesne wi h ePthiDqpdatbded) f i r st
i n which exercise waesn gietrifomaneand nt lteo nd @ wd

perfor meldi viinng f®@ared ietcitesngd.et ai |l s lare reporte

The dtiudy included ffreml yhavbi dlbdl es dRe¢ s
Chil dren Net wor k -tBntecNet)studwyul tigro
(https:/ / public.jpebiavg/l di mgc nselt /ywduwryd 160Dbj
average age being 14.8 N 1.7 years, with 22
hemogl obin (HbA12c3)9 pdc 7 . Bu HYj dcnt %htaide nat 2s4t ay

a -mMbnute exercise session in the | ate after

the subjects were asked to walk on a motor
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achieving a heart rate of 140 beats per m
i.e., VO2 max) to record treadmil|l settin
exerci seEh@@M sd eawaibiceet Meidd r Min(eimMed aenp | i ng)
andwaist waroughout the day until the mornin
The second study involved TIHMEXdrPen fr
dagefit t ps: / / publ i c)ijnaveobl.voirngg d5alt assueht |/ e5cot0s wi

age being 13.7 N 1.7 years, with 33 fema
hemoglobin (HbAlIm) aofl06.d8aylé Istluddy peri od
di fferent types of exercise including ind
competiti-oommpetdi tnioonn set t itnlges . aFaifry stshsen gp u |
activity aaads osneel edcatye dof exerci se was consi
dependent biasSubpecltassskedcathieom. personal
blinded Dexcom G6 CGM if they did not wuse

Preprocessing and Labelling

Preexerci se dat a, i . e. the available port
recording that preceded the start of the
relevant CGM metrics as described bel ow.

Poeercise dat a, i . e. the portion of

the exercise sessi-eonehaivee beemoglsgde mioa 9O

of -eexercise acquisitions |l asting | ess that
exesreciacqui sitions, the related subjects
case of mi ssi-egesampeéedati a, prienear i nt er g
maxi mum gap was | olwert hteh aénl r4s5t nnsi enuudtgenst.i o n s

the sdruedydome considering a threshbbud of 6
the same definition wal[s2 3m®airnttahienege cionndt hs
i nstheggpb,gl ybeemshol d was the standard one o

On the basi s of hypexgerwyciesne a acqguiefint in
|l abell ed as HYPO, if belonging to subjects
HYPO, i f Dbelonging to subjects who did not

ti me periedefol ewing
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TabXAXIClharacteristics of the t

wo datasets.

Age (years)
Sex (M/F)

HbAlc (%)

Therapy

CGM device

Exercise

Hypoglycemia threshold
used for labelingHYPO/NO-
HYPO

HYPO/NO-HYPO
evaluation window

First study Second study
148+1.7 13.7+1.7
28/22 33/18
7.8+0.8 6.8+1.1
2273p|\l/J|g]|p 51 pump/Closed loop

Medtronic MiniMed Dexcom G6
Controlled conditions
(inpatient stay)
75-minute exercise session
(treadmill) at 55% VO2 max

Free daily living (running)

70 mg/dl for at least 15
minutes
(as for consensus [2])

60 mg/dI
(as for the study protocol [1])

From start of exercise unti
following morning

From start of exercise until
following morning

FeatBixrter act i

Features i

characteristics Bl

on

ncl

and Dataset Construction

t he dat aset f
eeMgmet r hes ghn,

uded i n or

and

metrics have beereexisacC6W f&abRea ppayceuasgien g
gl u62jand custom @RHei RdéExnwasoroesmput ed

i glu did not provi deMdattr iads tfheer twhrec o fp a&rhaem
reported were computed using iglu defaul
for which a minimum of 2 days of recordi
considered for the analrnyess sin@l sdendnair y
according to the same CGM met rsihcoswnd o nma i Tnasb |
X XI.1

Classification Problem and Data Analysis
The <classification problem has been desi
experienced versus those who did not exper.i
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exercise session. Thus, setxaerrtciinsge fdraotna eparcel
| abel ed as -HYPO, ankde NOespective homonymou
NOHYPO) have DbDaétnma dehigeds was performed i
Features selection has been performed in t
and intrinsic featHRirlet esrelteycpea tofime @ tugrsep gszet In e
biserial(zorrwa®tiusbyd to retain the best f
collinearity. The seconbasecpfextphmet sedl e
deter mi ne t he mor e rel evant predictive

homogeneous partictliagosnass idno nree |liantBidoesa mheid @tr h3e.
the decihamisend ttlassi fication algorithm we
number of instances in |l eaveo = 2; ADo no
maxi mal tree depth too = 10. Mor eover, t he
anfiSt op when maj avraist x.hroBsleenhfeisn &10 %foe at ur e s
was then further evaluated with respect to
i nput to three other classification mode

boobisng. Hy per p arpaemeftorreruetdu 8t ngawlhg during t

as foll ows:
T random forest: ANumber of tr
considered at each splito = 2
ALIi mt depth of individual tr
T adaboost: ANumber of esti mat

SAMME. R cl assification al gor.
base =estimator's weight wi t h
AExponential 6 as regression |
T gradient boosting: ANumber of
0.3, ALambdao = 0.05, ALiI mit

of features for each treeo=1

Al l featur es \Waweae croamrmoanl iszcead et ol mean equal

variance) .
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Lea®@e®ut CYalsisdati on and Performance Eval ua

Al l the classification algorithms (decisior
boosting) wer e VvV ad nauatt eda btshdraat u gohn Iperaovcee d u r
considering HYPO cHE¥B® akagpssasiveganidv O t
correlcadyi fied wer e -HYMG icdaesreesd clToPr;r & chtel W Oc | @
considered TN; the HMFPOcwses cbassdeired &S\
NOHYPO cases <classified as HYPO were <cons
consi deAll@f wROICe PARSESP and F1.

TabXdXxl.8ummarfyadfurlC&M metrics grouped according to t he

Domai n CGM Metrics

DescriptiviCV*, SD* , Mi n, Ma x , r(almsg eQu , 1
Medi an, Me a n, I QR

Hyperglycel GRADE_hyper, HBGI , hyper _ir
above 250, AUGC*, GRI *

Hypogl ycemi GRADE_hypo, LBGI , hypo_ i ndex

Glycemic cireAlC, GMI , GRADE GRAMEv al

TIR_63_140, TIR_70_180, TIR_

Glycemic viADRR, J _index, MAD, MA GE, G
SD subtypes (SDw, SDws h, SDt
subtypes (CV_Measures_Mean,

Feature Selection

Filter feature

-  EEE—
selection
+ Decision Tree +  Feature rescaling
+ Point-biserial ¢ Leave-One-Out cross-
correlation to target validation
*
Updated (
Feature P I
Matrix Feature * Random Forest Classification + Performances
Matrix -
T
*  Antrhopometric characteristics +  Average performances
+  CGM metrics for LOO
4 Adaboost
4 Gradient
Boodting

*  Selected Features
*  Outlier removed

Figu9eWorkflow of the methodol ogy.
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5. 2E2er-ctndeced hypoglycemia index (HIKE)

HI KE (Hypogl yce-mtaedrk diexxe rtcoi skee)e,p a new com
hypoglycemia risk durom@Mamdt aftereeabuouat
preexer ci svasphifaogsbBEluKRBtwas desi gomeualdispmdet ai l
combining a set of CGM metrics, -imdasedr ol e
hypoglycemia washademesnshtrat oltttaudlayeds édtor t
CGM metrics selected by the second study

present ,airneasbul beti satonbgtr eendi ti ons (second st

worse and need further Jinvestigation as w
(5.2.4). Such results are presented in the
() +%p

i AATZOATI OA A M!2pym ! 2¢um p Tt T(15)
5.2R8sul ts

A total of 47 CGM recordings (one for each
glucose data points), 34 |-d¥PDIl wdrasi HYPOd
in the anal ysi fe atfurees paoempwtceeds sfionrg.t he pr
which 25 out of 43 features resul aed stat.i
not shown but can be.found in the publ i she

After the first step of feature selectdi
retain the best 36 features out of the 43
step of feature selection, the begt predi
based classificati on 2a0 glomr itdhderefaahHes gshhsa ward yi
hypoglycemia riskabdtuee(ierxercide, | ehel Mof

the reference basal value) is ,moae d$dhkweny
by the first spliThefother dtelti sé oselt e @tee C
associated wi Fbrhyperglyoami st udy, sel ect
more associated with glycemic variabil it
glycemic control that characterized this s
Performance result s, obtained by all t he

one out val i dati oiXXV,araen dr 23 dgatweed t ihre T ab lae
receiver operating characteristics (ROCs).
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TabXKEI.VVvARrage perfor mancenemepettscabedatliecanveon eact
classification algorithm

Algorithm First study performances (%)

AUC CA PR SE SP F1
Decision Tree 85.52 87.23 86.93 87.23 76.11 86.88
Gradient Boosting 82.13 78.72 78.72 78.72 68.11 78.72
Random Forest ~ 78.05 74.47 74.47 74.47 61.73 74.47

Adaboost 74.32 76.60 78.56 76.60 72.05 77.27
Second studyperformances (%)
AUC CA PR SE SP F1

Decision Tree 80.48 80.39 80.62 80.39 76.27 79.97
Gradient Boosting 69.68 68.63 68.17 68.63 63.75 67.96
RandomForest 69.37 76.47 77.06 76.47 70.67 75.58

Adaboost 67.86 70.59 70.33 70.59 65.13 69.73
HYPO
A 72.3%, 34/47
M_value
<7.18022 > 71802
HYPO HYPO
100%, 21/21 § 50.0%, 13/26
Max.
<214 > 214
HYPO
68.4%, 13/19
above_250
< 52.7273 > 52.7273
HYPO
81.2%, 13/16
above_180

<64 > 64
HYPO & HYPO O
62.5%, 5/8 100%, 8/8

B
HYPO
58.89%, 30/51
Min.
<92 - - > 92
HYPO NO-HYPO
76.5%, 26/34 76.5%, 13/17
range SDwsh
< 50 T > 50 < 15.7899 - > 15.7899
HYPO
81.29%, 26/32 E’
range
<109 — > 109
HYPO L HYPO
100%, 12/12 70.0%, 14/20
SD.Roc
< 154517 > 154517
HYPO HYPO
50.0%, 6/12 g 100%, 8/8
GvP ]
< 1.55661 > 1.55661
HYPO
75.0%, 6/8 +

Figb®eci si on tree classification algorithm based on
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5.A2 machine
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framewor k

based on C
ti med uccaesde hoyfp oegd eyrceein

A B
1.00 — 1,00
0.94 E 0.97
o9 | "
B
}OSQJ 0.63
S o0s3 ED
gom 'E”
@ &
nua'
0'?)900 0.08 0.15 0.23 031 0.38 0.69 1.00 " BT T
1-Specificity ) 1-Specificity
Fi g2Receiver Operating Characteristics for decisio
(cyan), and gradient boosting (blue).
For HI KEf tmen rowt | imaers rempviale. a tbhosaé pér
the fiwsetestodypuded. Considering those whi
out of 47), HI KEricdlasand i-@idaR&gméadolhinfg hc as
classified by HYKE as-i mdilbged t h yadcotiguyaybcke mo fa
experienced hypoglycemia. Similarly, 75% c
l ow ri sk -iofduexdar ch ysgeotdlyylcckimd a no't experi e
hypoglycéemea. abet ahown in Figure 22.
% OF HYPO/NO-HYPO FOR EACH HIKE
RISK CLASS
B HYPO m NO-HYPO
PE] 25
75
77 75
25
HIGH RISK MEDIUM RISK LOW RISK
Fig®Percentages oHYMYPOasaensd tNhGat were classified a
of exiemdticsed hypoglycemia by the HYKE index.
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5. 2D#dscussion

AML framework based on CGM data-i hdupea@vent
hypogl ycemi a TilnbBesbebnipropdsede nRe&vs tht s of t his stu
i nsights on which specific configuration of
exercise is more predictive of hypoglycemi a
start of the exerciseingssiTbe untotmabheohop
the proposed framework may suggest I mpl e me
produce a fifavorableo configuration for the
taken by the subject (e.@ge,geapatadgusat sngcig
regi mens) based on the planned physical act

Oof netteni di on of standard metrics i s uUc¢
whereas metrics standardization related to
and in children; thus, evaluation of the us
(i .eexepse tiamastiamppleci fepreseprt wi adows el
of the present study.

According to the proposed framewor k, t he
the fiwesdv Bltwal,y and sur-palse ngwlyi,ch tUswall ¥
better glycemic control, was associated wi
ex erMorseatvheer ,0t her three selected metrics ar
and not with hypoglycemimdead, osebjcout I Whe
report hypoglycemia showed a sort of Apr ot
st ®ft nodreg tatme sel ected metrics only one wa
bet ween the two classes, while difference v

met rTihciss. supports the usefulness of ML appr

t hat CGM information may show in different
instead selected in the second study, which
|l ndeedat i eoma | auf glycemic variability by a s
sufficient,ibiung wMen kel oombi nati on of f e
glycemic variability into different ways ma

specific probl em.
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pe
cr
ap
c |
h a

>SS Q »w —ft unw T T T
(¢ - ~* O T o0 < -

QO T O® T Q9O O»v
xX <

re
w h
co
s a
to
ev
| a
e X
p h
e X

Among the different ML algorithms wused
rforimnbesh Idasheass t o be acknowdedged pr
evsad | dweetrieonadopt ed t o PpP4A9v eanltr eocavdeyr fd & tt @ i
plications abov& wpsedowe&dmtl hhmdnsto hlee e

assifiers, meaning that models were pror
ve hypoglycemia as cases who had hypogly
evious studies concerning the hper eodniect i o1
Redd[y23e8t]sal used decision tree achievin
rformances (78. 0%, 79. 3%, 66. 7% and 86
ecificity, respectively). They then 1 mp
rest with a diddertedat amel snetr e Diufmfeer en
udy, however, t hfe2 3g8sjledy f gt Readynett anhl
ucose but al so exercise intensity and

mber of measures. Moreover, they used f e
ssion to predict hypoagallyscoe naifat eorc ceuxrerricnigs
d in our study. On t[h2ed értehdeirct fa@ndn,ocd @
poglycemia with an AUC of 79. 0% on test
ericnduweced hypogl ycemi a. Sever al ot her ¢
ediction of hypoglycemia by fohedasting
241]Even i f we did not focus on predic

scriminate the occurrencexerfcihsyep o@GMN cdarti

The number of subjects included in the
presenting a | imitation; howev[e238] t i s
ich is based on similar experiment al cCo
uld be found in the wunbal anced dataset
mples); this, \wWowldescenarfriecwbemaerlkewpo

uoxccafter exercise and because of this w

en though it may have resulted in | owe
belling did not di stinguish between hy
erci seer;, heovveenv i f t hese two hypoglycemic
ysiological processes, they were consid
ercise. Mor eover, the threshol d used t
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classification and this requires further in
consendprovi ded 54 mg/ dL and 70 mg/ dL as th
as 60 mg/ dl used inh24nbhjas weudyl Faunteurbeei F I r E
studi es exkmame ne xxgr aaitse sebsiopsatiaateadagf v
needed to confirwortlhe seswdntisofor a real
Regarie ngl KE composite -metwirndowvaleaeddr
the exerci siggpesassdono provide wuseful i nfo
hypoglycemia when considering exFeutcuirsee perf
work may diemel op CODISISas & 0 ma hekxge rocni sper edat a, t
i nforming, at starting, on the existence
probability of hypogl ycMorieo vdeurr,i nfgu ratnhde ra fetfe
be empl oydgmeimtHtldkde alef i nitisinn arnedl atthroes htoc
di fferent exerciseset(da..)e,, , userntsengiteg,, dad
adol escents) and therapdundeedppdabahesr {ni
adult subjects (T1DEXI data) have been prov
T1D Exercise Initiative following the prese
t hkel Krket ri ¢ wout e t h@ethe mtaival to be tested i

and to complement/ summarize currently avail

5.3 machine | earning framework based
occurrence of hypoglycemhduceHtde cas:s

hypogl ycemi a

Hemodi-ahgséc¢esd hypoglycem2dBYy susiong itnlie eqaaea
approach as abowve shtepsactiassafmseati on m
metrics t o provi des khryfporgrhgtcieonn alalbacwtgr r enc

hemodilaefyesnes ,t he hesmbdrasysi s session

5.3Hémodi-ahdsced hypoglycemia classificatioa

The study considered a (Mofwhchwith™@D)f m@modi al y s
the GIsQUUWY (app2®h@a9/ 2012p1lBndergoing CGM (
for tw¢ 3. WwgE&sh hemodi alysis sess$lY®PO was | a
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5.A3 machine |l earning framework based on C
hypogl ycemi a: t he nadaisces do fh ylhpeongd dyicaeln

based on hypogl ycemia o esceusrsrieonnc ed a(tnai | vda so r
compute CGM m2d%idat afet7Opoartition for tr;
Leave One Subvjadcdtda®utonrasnsgd testing was
feasel eactpiroocess, the selected CGM featur
standard performance Mnelt a $ €isf ibg/a tuisa mn gmaodd €f |
char acaedeassctriiclbseXiX,i nd dtads et preparation 1is
23andl assi fiecdautrieo ni sp rEahogu9rseawntet hoft he di ffer
i nstead of point biserial correlation, 't he
reducing the number of features by ranki ng¢
through gain ratio andgreémaiasngnpbe best

tree fotrype afpgpatrure sel ecti on

TabXdXy Dataset characteristics.

Dataset Patients HYPO/NO-HYPO HYPO/NO-HYPO
Mild Severe
Whole 19 36/56 18/74
Training/validation 13 27/35 11/51
Testing 6 9/21 7123

Dataset preparation

2 weeks CGM recordings If pre-session data not
B N ‘ sufficient
py | ulan Discarded
i x 8-hour long X
P25 e et hy pre-session - - - - -/
S CGM data Hypoglicemia Labelling I
: HYPO/NO-HYPO
PN -] Experiment 1: Mild

< ith hemodialysis session

I

I

% Hypoglicemia event Experiment 2: Severe I
I

|
|
ith pre—herlm;di‘alyr::i\s sessio;Im : <70 mg/dL
|
| <54 mg/dL

Training/ o
LOSO validation 70%

30% :l' Testing

Fig®Pataset preparation.
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5. 3R28sul ts

For braegietyfor performance metrics across t
for t-hmodeést(i.e., Logistic Reyx¥ssMohd in
hypoglycemia prediction did not show satis
severe hypoglycemia revealed promising resu

TabXdXV.l] Perf or mances.

Mild Severe

LOSO Test LOSO Test
AUC 0.450.64 0.500.71 0.780.94 0.57-0.77

(0.63) (0.66) (0.83) (0.76)
CA 0.480.66 0.57-0.70 0.740.89 0.77-0.83

(0.60) (0.67) (0.74) (0.80)
F1 0.49-0.66 0.57-0.69 0.77-0.89 0.740.82

(0.60) (0.68) (0.77) (0.81)
SE 0.480.66 0.57-0.70 0.740.89 0.770.83

(0.60) (0.67) (0.74) (0.80)
SP 0.480.68 0.430.60 0.530.94 0.430.74

(0.61) (0.60) (0.94) (0.74)

5. 3DBscussi on

According to the pr opossceadn fbrea mexwolr&i,t eGQIGM o
condiatsisooncsi at ed wi g évvlmay gho ggl hgeore im@igold i.afl y si s
As a proof of concept stmaryg tkestdnff evasn t
al gorithms used Lpogitdtei cp ralcehg medvsesdi tounchye, hi gt
perfor mahe,8 8, WBaH,7% f or ABLSESEGAbt ai ned f or

the test set in the caseOfbfnbeepumbdarypolgl y
subjects included in the present study coul
howetvlee t ot al number of observed hemodial ys

t h&@0Wlata points.
To concl ude, the main results showed th

hemodi alysis session have a role in predict
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5.8oncluding remark

5. €oncl udi

For

some

ng remarKks

what concerned thbasetdgGb®iyvehoaunsatygsc
final consideration can be made:

T a simple | ogistic regression 1

a classification task to iden

response of subjects having T

nor mal

;Subjects

1 logi eetgireesaspenf or med beahear uise

detecti @an,badgiamiceg number of n

for I

el

AUCSs

desi

ess than 30 %coanfp amies c Itas ¢
ectroni c ihhesaletahd roefw oG @NS tsd ann
and | ower specificity <co
r albil emeidm o & le x t and sugges

integrating ;both data sources

M for

ekaedoced hypoglycemia deit

performances compared to stud

C O mi

T the HI

exer ci

ng

from ot her measur es S u:

KE composite -mewrndowval

se sespEniowni e pesaefedl tionf

hypoglycemia when <considerinc

conditions

T CGM metrics measured prior th

predicting upcoming severe hy
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5.8oncluding remark

6l il i co modeling approac
exogenous and endogenous
appear ance

®This chapter relies again on the use of

Chapt ewhi c2h focwsed i mncl earance and gl uce
determinants of dithabhet enethaotdlnd Blyy <iadeagpypy m

the field of pharmacol ogi cal therapy, par
problem of guantifying t he exogenous I n
(bioavailability). I nvestigationpménsuch a
of @asn liimco approach based on dynamic model
test data foll owimgminhatedtiosut hat wer
MannKi nadh o, as far asonwe pkrnoodw citor t rod o mlhy

approved for use by FDA in the United St at
Exogenous i nsuisusadt @ d mo vhpperglycemiad comdi t i on and
isespecidlyusedf or [T2I0Halsoi n T2D when oral antidiabe

to achieve adequatl leDegslpuictoes et hceo net xrtod n t i mp
resi dual endogenous insulinf2ddnttereisory cap
i ncreasi nthpt i ¢ v igmblgsmocasesof T1 D 245] , Teuvsé] resi du
endogenous component may contribute to the
negligible amount wi t h respecdtd cotro eetxoge
guantification is i mportant to provide a
exogenous insulin profile, as wel |l as ma

adequate exogenousconsiderggt! h en paedrns nea csttirvae | @fn
medi ERABJQuantification of endogenous 1insu
clinical tri al sindeed r whreung tdeesuvt @ lnagp npehmatr.ma c o k

and dose ranging for safety of new exogeno

5This chapter contains materi d129t0Hat has been s
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6lwilico modeling approach to separate exogenous anho:¢

trials are performed in healthy individuals
that may play an important role.

Mo d-ehsed aphave beancektenssvely usedt o descri be typi
profiles of insulin concentration over tinm
various i nsul2i4n7 ]f,o nimewldEalteirons ssues rel ated t
o f endogenous i nsul in secretion were of te
component can be obtained t hypiangshuleixmemiicne n
clamp or S 0 mat o s suahtpiocedures, chraiwreivetrr, a tairoen )c o mp | €
per fprr anpotemtidlly harmfuld r awbacks for the individual
effective in achiev2o4ygWhedergenper smpptralkscon
more physiological and thus do not involve
test), simple fAbaselrowedaysexphrecteondhamet hed
single value of pl a-pmptigdaucoeseé&l| edtnisrud i hhe
component and correct the total25@lasim&5ilgsu
[ 2 5Rdnthoughpl asnpepd i de i s commonly considered
with respect t oesecnrseutleidn wsiitnhc ei nistuliisn cion e qu
i's not extracted to a,sstiigni ftiteanbas®e«ltieme
represents a very rough quantification as i

the test. Some attempts to prpeptede wmwere r
made t hat i nvol ve mi xesd 26Bltecstsdmiegeare asi on
approaches act as a bl ack box, di sregardi
physi ol ogical processes,; mor eover, robustn

estimation are strongly affectetdobygesbhti st
covar[ieadtldesor t hi s r easlmas eda adpypnraora cch mosd ed e s
overcome the | imitations oOntthki appbasiasheth
of thecpapgsethevel op a-sdymami cnoide | i ng appr c
separates and quantifies the contributions
measured plasma insulin in eshtysi ol ogi cal ca
Al t hough insul i nhroughsulyputcameé guseilnjvectidon,

of administraitnchudregapsbmosady wWebseery

advantages were rehoraedecondcercyt i @ainm,1.2p 3B1.
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6. Materials and Meth

proposed methodology to inhaled insulin a

effects on endogenous insulin secretion

6. Materials and Met hods

6. 1lEgtperi ment al Protocol

A phase -clenteirlngdegpen randomi zed, crossover
subjects (prot-dpiddiwarmnsu ncboenfsd "MEJ€ ed summar y,
subjects underwent two equivalent standarc
b compl eted within 20 minutes) on separ a:

hal ation of a dose F22Wubin20bjowdh Telk
hal er . Bl ood samples were-papalideedbtarn
overhoaur6 [Per i7zgd 15, 30, Ppnoi,n,1 2t0h u s2 4p0r, 0 Vv3i0ddi, n

of experimental "@ad B D&ro HHhe amaalontee stet ( f

> S o © C

meal test with ioniBaloedd i ms)ul iMiintdi cati ng t h
it h measur ement ti e ptaimpd ec ol merutl ri ant iacnrds C
usi ng an el ectrochemi | uvamidmae s cceonncpee t iitmmue
chemi |l umi nesce,ncred pandithievaeslsyayy design i s
Fiug ea 2dlu b jcehcatrsact eri sti cxxX¥Wlre shown in Tab|

Study design

Day 0 Day 1
)E;.
@ 44 Q e,
000 000
000
Meal test Meal test + inhaled insulin
N=21
Plasma glucose, insulin and /‘Plasma glucose, insulin and
C-Peptide concentrations C-Peptide concentrations

study design

Fi g4 eGraphical representation of the
foll owed by Tec

day O and a standardized meal test
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6lwilico modeling approach to separate exogenous anho:¢

TabdXeVISlubj ect 6s demographic nd basepepeidbamadeeri s
t

parameters from Step 1 of ha:e anal ysis (mean and st e
mo d e | parameters from StepiBdi ymdanl apdt smanhdajd de:

Subject characteristics Total (n=21)

Sex 10M, 11F

Age (years) 28.1+8.5

BMI (Kg/m?) 26.1+2.9

Ethnicity 14C,3A,2B,1H,1AI

Gp (mg/dL) 90.416.6

lp (MU/ML) 10.2+11.2

Cpo (ng/mL 1.6£0.7

Data are mean+ standard deviation unless otherwise indicated. M: Male, F: Female, C: Caucasian, A: Asian, B:
Black of African Heritage, H: Hispanic, Al: American Indian, Gb: Basal glucose, Ib: Basal insulin, Cpb: Basal C
peptide.

6. 1Ma@del ing

The sHshe@e dynabmisce dno(dbeM) appr oawcrn®vwasmmar i z eo
used to estimate the exogenous and endogen
i nsul in.

First BEseipmat-pemt iode t hddroehg mtnmifrat e (
was performed by sol ving 0aY¥desc otnhveo | uunt ki noonw np

i nput funpgeptindenkli Ceti cs descombpadt rbg/ntt he

model, as initiallyg2bAdAtroduced by Eaton et
—0 0 Q O 6 o 0 o o 60V,
0o m O CP \Y (8

0O m — 0 @ay

whed edand oare t he apmptnitdse ofpmol ) in the a
in the remote (fr,@m pliass mah)e choansppaerptanmednatnt o 1
( pmol ) i n t he acCdssi bl @& heo nopaaspatl memitd @ s ma

concentrat)i ome d purodd-Li mmedi ately before int
V is tplegptGde distribution volume™®Q(GLL) in th
M,Q are the transime®h.r dthe condspeampirsedd ct ed
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6. Materials and Meth

CP(t)=A . .
concentr—aTL&.nThles parameters representing

constants and di stribution vol ume wer e
anthropometric characteristics (age, s ex
formulas from %&ajn Cauter et al

Gi ven -ptehpatti d®& and insulin ar epemgtcirccd ed

does not undergo hepatic extraction, i nsu
60°YY. This approach was applied utre) t2ifbe me
and wi tFh guY®piRibor inhal ation ®&f)"™¥Yxwogenous
an@dYY o6, respectively

Second TBhepf olcloanpiamrg me mée mod el of i nsu

used to obpaicmnfsuobjesc¢ti mates oW (iLnswualnidn di
el imination &r(@mit®® usciomgt @ahias ma i ntsiume n C O
measur pfmadht s

5 o &8 o 60"V,
8 m 0Q: Q& V (1B

whede O0is the amount of &UM¥ima tmesul naul(l

secretiohmibat #@O0¢ @Mios t he basal pl asma i ns.t
(pmot) Lmeasur ed i mmedi at el yTh e e frmoordee | meparle d
endogenous insu"G)‘Qén’Qéh:obcebfV—rTmteicmodiesl was f

appl i enmealo ttehset data without pri drn giurheal at
2. The 7r essupletciinfgi cs unbo deeclt was t hen used on
insulin to predict the plasma insulin con
0VQet Qé0(pmol),Llas depi ctFeidguirne s2tdep 2b of

Third sthep contributi oi®Qodé 0 €v 0 pd mMmeEUNA |
i nsul in was obtained by subtracting t he
Qe Qéofrom the total O néunleiars ua erdc elmutrn antgi @
test with inhaled insulin:

OQwé 060 0O o ‘0VQe Q€0 ay
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6l il ico model.

ng

approach to

separ ate

exogenous

DYNAMIC MODEL-BASED APPROACH SUMMARY

Step 1

1a
Meal Test
Data CPMT (tl)

Estimation of C-peptide secretion rate as a piecewise linear function by
fitting C-peptide plasma concentration

1b

Meal Test + Inhaled insulin
Data CP 4y (£)

Anthropometric
characteristics CPSR(t)
(body surface area,
age, sex) .
Van Cauter . _ Agpr (1)
etal. CP() = -
kegys kg kezy
and Vgp, d
a"cmu) = —(kyy + ko )Acpy () + kypAgpa(t) + CPSR (8)
d
Eﬂcnz(ﬂ = kyAcpr(8) — kypAcpa (8)
Meal Test Meal Test + Inhaled insulin
CPSRyy () CPSRypy(t)

Step 2

Estimation of n and V, parameters of insulin kinetics by fitting meal test
plasma insulin data (2a) and reconstruction of endogenous insulin
IendoB¥, ,(t) using the estimated n and V, (2b)

2a

Meal Test
Data [y (), CPSRpp (£)

2b

Meal Test + Inhaled insulin
1,V CPSRypr (1)

|

v

dt

CPSR (1)

= tendon(e) < Henael®
v,

n

d
—=Atengo (t) = = * Ajengo(t) + CPSR (1)

|

Meal Test

n, V,

Meal Test + Inhaled insulin
DM
lendoyr. (t)

Step 3

Prediction of exogenous insulin lexoby,,(t) by subtraction of endogenous
insulin fendofyy, ,(¢) from the measured plasma insulin 1y, (t)

FigabeFl ow

chastepfmobdel t hgeapproach.
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6. Materials and Meth

6. 1MB8del i mplementation and parameter est.i

Model simulation and par ameter estimati o
(version 5) software for phar mad@kis5qeti c/

The deconvolutiomOpri¥avalse motl v e HihiMiyatses u mi n

as a piecewise |inear function, as depict
each Iine segment) were determined through
measur ed -ppelpasindae Gneasur ement s. Break poin

functoiroresponded to t He 5m@éEasstuirnearteinan tafmeisr
i nsulin kine&tardipnarRimpurea s2 5) was obtaine
l i kel i hood estimation in ADAPT.

6. 1Cdmpari son ietphbiaudedrce rmet hods

The dynatiasemdodnelt hod for estimating endoge
herein was ciocdmpptriede t oottt hpercd v iomws Ime t fhroaso s
Owehg&65aznjld by Mar2i5nbleee lkatt eart ttewrop t mettoh ocdosr |

the measured insulin concentration by rem
attributable to endogenous secretion, t hu
exogenous insulin.

Application of the m2bféapbsdo phkopwreals bfyb &
correctirtomottf@Chmeal test W thMidOnhal ed i ns.
results inptéei dtodd owalnge sOXxfQébhanaeéndoger

exogePOws o(compowménpsasma insulin:
0Q: Qedo 0VO6OYOD 0O 2D
ODQwé 6 O o 10QeQeo. 21
In eqadpPéioNef(esent st@Peplinsdel fmactional t e
and is a constant value throughout the tes:s
06 0 'Y 22

whe®e mand@d mare the plasmaptindeal conaandt rC
measured at baseline (i .e., before startir

The method propofs283bypMahesbzed the e:
l i near relationshpepbiedeweenmensolti seanadndcC

113



6lwilico modeling approach to separate exogenous anho:¢

mi xed effects (LME) model ing approach to
Qe Q¢o0, and the rel atedOQexoog,éd moums meamp d et
with inhal adcionsuhigntodatae foll owing equat.
"0QEQéEd "O060Y 60 o "OE0Ql ®QRO (2 B
OCQwé 60 O o 0Q¢Qéo. 2
| N equd@6ioowhi s( 8) ,constant value throughout t|
06 0'Y “Yda £ QiR 2%

whe®e Qi @QWe ¢inMQ e q u2apt iadhids r(E ptrhees emmetan val ues
the intercept and sl ope aicmosbe alinesairbj ee g
accounttihreg ffixrédd eifd eches; subdepectatspercif fiom t
mean sl ope anrda nrdeopnr.eesflebnetess stihneat e par amet er s
mi xed ef f e cYd éHro d ealn d® 0 Qi QR ne a | test dat
[O 6 and@d 0] were used (anhilgugoes25 o Step 2a
Each oC€Cpede¢pmteiscke c or rweacst iiomp | nesirfeiocAeBd i n
2019b ( The; Mah é wioirtklsmme bui lt i n function wa
l i near mixed effect modebasgdaeralysmiasi oOume

and tkepepwbde correction method results we

respect i-tv@peipntsiudei nf racti onal tempor al rati
apprioschi ven by the following equation:
060Y0 —— 2%

6. 1ASsessment o f t he per cedasaey er eodf ¢ ha xnag etnh

pl as ma
The percentage of initial exogenous insulin
bi oavalbQapiwas yobt ai ned as foll ows:

PQwé @y

bei®™W6 (pmol Lmin/ L) the area under the exo
prof it ™6 (apnndo! Lmi n/ L) the area under the cur\
same dose was administered intravenously.

Assumi ngcampsa mtgrhen t0 “¥oensacsr icptmpairt,ed as f ol
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6. Resul ts

6Y6 — 23
bei @dghe insulin di €thebaeti mhnaol omerahnhd co

in the secontisGkephefdé&sg. oR; i nhaled insul
subject (20 or 22 U).

6. 1S6atistical anal yses

Statistical anal ysis was performed using
Lilliefors test was used to evaluate if
Differences i n meastpreepd i gleu cmme,e nitmrsad li iom s:
test aand enset wi th inhaled insulin were ass:¢
signed rank test. The model performance w

(coefficient »f ®RestalmBnatespae®Randedewaisart

unl ess ot herwise designated. Statistical
predicted for bORhQMeaan dOQe LR wWa rtihoruti Nhal a
of exogenous insulin were eval uatbheadks adt eac

area under the curve using the nonparamet:-r

6. Resul ts

The pl as mapegpltuicdoes eandC i nsulin concentratio
test with and without prior inhalatéon of
26 The bottamebhowbs bDheFhggher insulin cor
the first hour of the meal test with inha

noticed t hat-pephtei doeb s(ea vrmalr kCer of endogeno
| ower in the mdali nsabt n wid B-finmuhtaeh ei n3t0e r v |
foll 6 wiengneal test.
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10— T T T

' l
W 191 a\?
A‘II\ 1 1

] O

S of

3000 T T T :

%
5o
6o
7@0
940 -

N
(=]
[=]
o
T
*

CP (pmol L")
=)
o
o

| (pmol L)

Time (min)

Fi g6 eAver age pl aspmeaptglduec of(sCeP ) damgee rit msau liioms( Imeasur ed
me a | test without (grey Iline) and with prior inhal:
Vertical bars represent SE.

Esti matepepbrdeheaoCel parameteWs, @rom Step
MNM,Q) and for the insulin Vmand@®ar @ agiamen err s

TabXXV.Il Pl ot s of t he indi vidual subject bs
concentrations fromrZ2t epn® ar eag el ts hioownan no Wwa
of f5 t0O.RO19. I ndi vidual subj ©0t Oéempsesi ct ed
measured tot al pl asOna aires $slhiomwmne. o 8 émtgr at i on
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6. Resul ts

TabXXVIEdti mat egpefparn deeheno@ e |
on
on

standard
standard

ati
ati

devi
devi

across
of i nd

parameters
subjects) and

i vidual

Calculated parameters_Step 1

Vep 9

(min't)
(min?)

(min?)

Estimated parameters_Step 2a

V(L)

= (min?)

MeanzStandard Deviation
4.223+0.350

0.050+0.001

0.052+0.001

0.059+0.001
MeantStandard Deviation
15.680+5.740
0.120+0.050

Data are meanz standard deviation unless otherwise indicated.

o (pmol L)

lendo

Subject 1

Subject 2

w00
-

an

200
AU
o

— ——————
Subjectd 00 . . Subject 5 ) S Subject &

: - ] :,J .\\m ;n:: / \i
1000 v i Subject 7 ) . Subjest8 . ) Subject 8
R -/ J —

: Subject 10 oo . Subject 11 Subject 12 i
. o | -
aw0 /(L.i “‘"’ 7\ 400
. of — e~

) ‘Subject 13 § H”. ’ Subject 14 . ) - ) ‘Subject 15 ‘
100 w0l - anx
P et W
I  Subject 16 _— Subjoct 17 ‘Subject 18
/ \*\\ /\\ ]
. Subject 19 ‘ o Subject 20 ‘Subject 21
[ N e o
wf — o0 | ’",,r/'\— —

® & &F £ wes & & EE Wee & & E A

Time(min)

di vidual fits for each of the 21
I fit; black dots represent mg&a.l
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6lwilico modeling approach to separate exogenous anho:¢

o R g
4/
800 f
% o
. o 0_///‘
< 600 o
T Q)o dy [e]
g ¢ o
= 00 . o
g $apg, °©
= 2
—_— Q/Q
o @0
200 @ oF
o
°
o

0 200 400 600 800

lendo 2™ (pmol L ™)

Fi g28 eGooafhesspl ot showing the indivi d0@édQesubject pr
VS. measured plasma insulOn. cDmeehitmatofonisderdt ity img
a solid black line. Dotted P+nk&s9YX®present 95% conf |

The endogenousOQefaAnioRa Qp,r opfrieldeisc,t ed basec

each subjectds model & oameutirZed b awerl e Ag v erAac
statistically significant di fference in en
insulin was found at the 60 min sample tim
for a statistically significantedtjfenenbe
time course of endogenous insulinabetween t
12®@i n following insulinbdsehl derga hidorcaower ,0

Qe Q¢ was significantl PQe  dfweAlCRh@nh=t hat of
2. 1NZTphb LA mi n/AQ: QEAUC 2 RAmMBILA®Ii n/ L, p<0.001
the meal test with inhaled insulin, the pre
tot al pl asma insnuzxd manesl sBlowand naddagunts f
34N18Bf% t ot al pAlveesr mdg reis wipdiPleipnt.i de fracti onal 1
Rat(iloCPR) across subjects obtained for the
effect "Ooelthmo@sO', respeacei dies pl ad3gdedaliongFi g

with theO&lsYdbtadieded from thesedy mamiho dmo dd
|l atter shows a rapid increase foll owed by a
peaking at 30 min (0.@@2WNY002pN0@OBYf ahnldi ng
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6. Resul ts

(0. 23Nbe0Opercentage of initial exogenous i
PQwgéresulted to be 42N21% ranging from a
77 %.

A

1000

800 | SAUC_lendopy = 4.2+1.8 104 pmol-min/L .
* %
L

SAUC_lendogy, = 2.1£1.7 -10% pmol-min /.

300 -
‘?6'0

Nes & & §

B Time (min)

«.?00 -
&5\0

N & & &

Time (min)
FigRlfe Ahprage predicted endogenou@QeiOisrudyi nl icroemp on
and meal test wWOQihQébm malked iineguyl i*n p(<c0.01, ** p<O0.

measured pl asma i'PQadot tcochcennhedtiammd (@verage pr
compoiengol(id Iine). Vertical bars represent SE.
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0.25 [

o
N

ICPR (pmol of insulin/pmol of C-peptide)
o
o

0.1 bt

Time (min)

Fi g30 el nts@Pemti de fractional temporal Ratio (I CPR) b

and meapeptidd&« concentrations during the meal test
correction (BC, orange | ightt) kminde Iliinrea) mea txtead s fdred
proposed dybnaasneidc meotdheold ( DM, bl ack | ine). Vertical b

6. Bi scussi on

6. 3Nbvelty, relevance, and clinical applica

A gener-absmddmét hodol ogy has been devel oped
of the separate contributions of exogenous
plasma insulin concentration following ins
noevi tvy, the methodol ogy does not require
suppress the endogenous component as those
tests performed in more physiological <condi
the precad!| ows an epasreengagetiofi eabgenoat
reaching the plasma, a concept usually in
regarded as a pharmacokinetic feature of t
usual ly requires a compl exXx ntexgwenmesnt alr u

admi ni stration and the suppression previou

approach not only overcomes the I imitations
al so facilitatetsraaddt-emdienatduah ohriability
bi oavail ability, t hus broadening the persctg
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6.8Bi scussi on

bi
ca
X

e
an
d

< ®© 60 o —~+ o 9 O T 9 Q@ == O® O —~ O O
O < 99 @d T S = ~F O ® X T »w o o

—+
-

co
ma
mo
i s
vV a

of

oavailability in the directimen aogdproadh v
n be i mpleméwmtsed iinnmegnateadysoftware toc
ogenous component of systemic plasma ins
effort t-® p eacsisfeisass pdossae e ftol | owirnagt i ioms u |
ring a meal test.

Application of the proposed met hod to e

mi ni stration in healthy subjects provid
ntribution to plasma insulin following
egurEB® anel A) . l ndeed, the predicted ti |
owed a 18.2% reduction in its peak val
posure, as abasabedrbygy tthdesupha endogen
duced rmyofa tftwmaeatpbol |l owing inhaled insul.
tion of exogenous insulin to reduce end
tributed -itnhos-Ol B e dnbeagcakt i V e o p mechani sm, h

eviously for loitmef ormibg&mhioaui2amé]s,maly259]
ntribute t-oelphrefenvingnbienapdqgtieadmjd s wi t |
so type|[ d261ldThbetachds | ity to separately

dogenous contributions with their own dy
at one has on the other may open new sce
si gmiingpred therapeutic regimens on the
pabil ity to manage[ 2c6h2aln,g e[s2 6i3n] ,b h[d2e6d4d] g | L
i dence showed t hlei nexir streenlcaet i o s lai pl olget
riability, a measure of glycemic-control
eat ed nasntdr enaotned pati entfpg26&6Hbweype, 2sdud
re conducted -papt ode i ag & amarn hgr Cof endo

nsideration of the time course of endog:

y help to investigate howet @abgeat ntede ma &
dul ate exogenous insulin doses according

evidence that Technosphere I nsulin 1is
ri g RRigl7ifthyus t he met hod proposed herein c

endogenous insulin. in mediating this re
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Quantification of i ndi vi dual bi oavail abi
may be also framed in the domain of persona

recently made to desi gr ntpoeodl asn cbea smeodd eol nl ipreg sf

ti mei momi ng of the amount of bioavailable i
accurate insulin administyfand oinmdiewiodunali ng
variability i1 n [in6s&l]l,i nRaok Goga vaafi | wadli e s yof bi

obtained by the approach proposed in the p
that a high variability extEHsitnse amoonnigt oirndiigv i
t he amount of bioavaiobmabluehi asubpprmayghbeéenpne
reliability (as for example, in calibration

6. 3C8@mments on the applied methodol ogy

The proposed method for decomposing total |
exogenous <components involves the use of |
ki net ipcesptofdeC ( Step 1) and thechkhheaststofo
met hods that attempt to determine insulin
al ojn270]our approach al so requi-pepgt indeeasur e
concentrations whose assessment |JB&a7t]inical
ForpeCpti deest @bl wsehked two compar tineh4] model
was adopted, with specific parameters det e
surface area, age and sleXxAlftolhd wgvh ntgh &ame Ch a
based on subject 6s specipepct i eet i kmaneetsi,c tnh
parameters obtained in Step la are based on
ant hropometric characteristifclsec(tda.ng. ,t hbeo diyn
subject variability that can be explained b
i's correct that other factors contributing
a subjectds body sur f akceen airnetao, aacgceo uanntd  sCenx
hand, determining -pepgudeskbpectcsparcamececC
compl ex experi ments designegdkptiodeeski mat iec
Ther etpoerpet,i d& kinetic model gpamametabar Cawe ee
met Hbdf J]extensively exploited fopepimdéar p

secretion raweserbinkar Bupcecen was assume
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corresponding to the measur ement ti mes,
unknown sl opes of each | i-peptsiedjeneaa o n wesn thg
dat a. The clhiomea&r odp pori cexepeen@mtt i ded 1t @l etahsee O
advant ageys poavrearmeftulilc met hods t hat use a
SspR3IABI o r epepetsiednee rCel ease rate. Mor eov e

u

t hat nonparametric deconvolution approache
p
I

i nput discretization grids), we -pneoptteiddet hat
rel easseedata this work can adequately des
i nsulin data when used as the inpué¢ 20 the
anduFeg28Bcompart ment model was then used
Ki neticsrizpar aimmet ¢ er ms of di stribution Y
el i mi nati epne,ptwidten stehcer e i on rate functi on
the input. The use of single compartment
appropriate edsutr,i nghear emeanlsutt in | evels rem
saturable processes and h2h8Fumahetr amomnieng
we were not interested in segregating hepe
el imination, hepatic extraction was not [
el i minationrreptresenn st amt over al | measur e
resulting estimates of the elimination ra

with those reported in othp64]jstufdReéd] i npe
further suppor-pepgi tbeefohotfcenoédpgroxi mat.i

model . The individual subjectsd estimates
el imination rate constant obtained from t
saem i n each subject during the meal test v
then wused in such meal t est with inhal ec
contribution to plasma insulin (Step 2b),
(Step 3) .

As for the bioavailability estimati on,
experi ment involving intravenous insulin
i nsulin pharmacokinetic estimated par amet

underurtvhee tchat woul d have been obtained [

i njected intravenously. This assumption ha
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netic parameters are estimated independen

e description of the absorption bypassed.

. 3C8mparisonspetpot iodtehebrasCed met hods

mﬁ

=]

a

— = 5

e dynamrdiasemdodmredt hodol ogy presented herei
mitations of previously reported appr oa

dogenous contributions to plasma insulin
aselineorco®Owercd 2atlihhoed endogenous contri bl
sulin is calculated to be a constant frac
sulin sample, and thus ignores the system
oposed modelingntdleadewarike ¢ &mngp.es2tyidd/e t hat
seline correction met hod concluded t hat
dogenous insulin caution should be taken
ogenoufs2d@]lbol cmntrast, t he met[h205d3 ] pr opos
ploiting |inear mixed effects modeling p
seline correction method by considering |
st. This met hod, however, again ignores t

ppaoach. The resulting differemueges in the

which show€pépei densut aoti onal tempor al
dogenous insulin compphicdée. aRestlhtets measmr
rrection and | inear mi xed effect met hods
| at ihomosubgihpputt t he test. The predtction ot
sed method, i n contr astt,€preepstuildies firnaca i toir
mporal ratio, which better reflects insul
creawedfbylrapid decrease) is observed in

It has to be acknowledged that compari so

-p@pti de, although other met hods based o
oppaB&@]The reason for this choice relies
ucose were developed i n applications devo
which additional simplifying assumptions
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6. 3
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dur
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Ldmitations and related comment s

study design required with the propos:«
application of the proposed approach r
ts, one with and one without inhaled ir
to minimize any carryover effects, i . e.
; however, ot her met hods base[d2503n meal
ver , the method has been evaluated i

cts, and evalwuation in diabetic patie

® @ O

acknowl edged: indeed, it haistites be n
dicted -bgsedheapgypwrdedch under experi ment
siological ones (i .e.., me a | test), h
hnofmmeairléd n. This is because, being its
ul snj ndi stinguishable from that secret
ect assessment coul d be evaluated ac
tinguishable fromy regiuhgr assapas based
ocl onal antibodireacthattyhwave [ awulcirms :
ctivity to endogenously produced insul
proposed met hod, idt ecxaong ebneo unso ti ends utl hi ant
wn uir@e Fpiagn)eli sB qualitatively comparabl e
ation, to that previously redaar7tjed f o

Similarly, the time course is characteri ze

r el
str
use
bi o
for
e xc
wer
und
was

t he

atively short durationrPpasel iBe,;, reawd.e
ict comparison is not possible since i
d to quantify exogenous insulin. Last|
availability are not diepcti gdciomptahaeabl
the case of Technosphere insywlmat (wh
edi[n2g4 81]5 % [)2 7f7dr, mMWI7t8i]pl e reasons; i nd

obtained exploiting the baseline cor:r

® @D @

-

estimation of the exogenous insulin p
dmi ni st errelda luasti inggn dd g fiedodexn,t whi ch may
ne [R&drle used

o o
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6 .

A
en
t h
se
cCo
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pe
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€onclusi ons

dynami-lcasmeodd edppr oach has been developed

dogenoasentnsblbthons to total plasma insul
e case of inhaled insulin showed an eff ec
cretion, which can be potentially benefic
ul d bteo uassesfeusls t he exogenous insulin prof
t h resi dual endogenous i nsul in and, wh e
rsonalized ther-apgci ftioespdoasseed ef op d toiwa mtg

mi ni strati oend tFhiantaldlyt,homeghnodaxogenous i ns
ovided through inhalation, the proposed &

mi ni stration.
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7.Slummary of main finc

7Conclusions and future d

The vast concept of digital heal th technc
di abetes preventi on, management and treat
poppi hotrhugpot ent i al t o r evollhwet ipornoipzoes ad i atboe 1
solutions based on the transformation of I

seems promising I n t he perspective of d
transformed information through etleamignioque s
metric exthreacttihoam, rraav dat a, of fers certai

characterization and representation of a
Vi
ap

ew, and it does so convenientl-yi ma tern
Y
devel opi-hgsemoda hlda sfeedadtrdi avteean approaches, :
S
n

| i cati oentsabainldi tiynt elrhprs i s what has been
resorting to machilmeaeele@ar miuncgh tke ocnhdniogfueap
i nnovadtsioveconstihdeelrhinge it atasir e wowkmepwebl| i s he
focused on bl ood glueaeaosemébrenasfi ngstbrn
| e s standal omet@GP8SSwor &dwei ff evemtg dpplm c
mo d-leals e d wa r dfse atblmes e d-d rdiad gap reosamts wer i ng oper
research eaqueeosmpigmsrsesvnegnt i v e screening, i nn
hypoglycemia risk prediction -ahdr gpyantion

i ndividuals at di ff er eonft tnheet asbpod dicf isct aa dudsr

together with possible |imitations and f
following secal@®dioscussadiingsr alrbeyt | Joanc d los a
et [2I7WwNi ch provides consensus guidelines f

the field of di abet es.

7. Summary of main findings

I n Champhysi o2l ogi cal system modeling was ¢
clearance in its hepatic and extrahepatic
of a previously proposed method enriched I
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t h
ap

|t
s u
pr
t h
ac
an
i c
Mc
sp
of

en by devel opinlred InNswalsiappridach;o igil)uco:

proaches were applied to different sets o
T asi mpl i fied wvleW&TiTon( 1o fh otuhre) IwM
assumption of a I|inear hepat:i
assess hepatic and extrahepat
hi stor;y of GD
T the hi gher i nsul in cl earance
compared to its WT counterpar
due to its extrahepatiinccoonmp a ]
of incretin effect a compensal
|l evel ;
T adding to the Polidori et al
and extrahepatic components t ¢
for application t o I VGTT tes
appropriate test tcd exagmaircaet e o
t he-l VRATT,;
T for the glucagon model, the m
was to include the contributi
considering the mec-bahli smd uce
which resulted in the tpiree sheemd
and i mpaired .in the T2D group
is worth noticing that in this piece of
ch as insulldel Ic|seamrsintcieviathnyd i nstead of <co
ocedbsesl ofuncti on ananidnghli isn waen giotniev iptr:

e idea of guaranteeing an overal/l charac
count its heterogeneous etiology. Indeed,
d progression of copep | byatkinmrws meatal be t O

omponent pat hwayso that may contribute t
Car[t2zBy [T hus, we used physiological systen
ecific processes offering tools for estinm

t hlen dpegmer al, besides having potential a
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constituting decision support tools thems:c¢
in the field of investigation of new scien
of the knowledge base of CDSS or demer at e
machine | earning applications. This is 1in
I n rtehvec e ws egrus wsg 1270 r e consi dered in the
exercise, but that we can extend to other

| n Chapetlt drtctanrcept was i nvestigated thr
based parameters to feed machinebda®a@adni ng
framework capable to help preventing T2D
particular, the matnonesti| fewasreke ndeet |
basal secretion rate of-pepsulddencandemeéant i
among the most relevant features for the g

I n Chamteaeamadysis was performed before s
CGM data in order to determine which was
sSsubsequenAmoannga | tylseelsd 2t hat heasvuel tbse einn dtiecsatteed
iglu software package was tohfef rbiegthwe ema cnkuangl
of computable metrics and reliability of ¢

I n Cha@GMrcddmputed metrics were given
algorithms dHasbdi macheatutearning approac
i nnovative diagnosi s, ii) early identific:
of i mpendi n@ hypotghey cewmsreduacfed edhgmpoigd g cen
i ndividual s havi vgnd yipre tlhedi absdreaitedhemo:
hypog! RWesmil as showed that:
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a simple |l ogistic regression I
a <classification t ask both t
glycemic response of subjects
DR;

good performance were obtaine
for DR detection additional
CGM data for reaching better
for exadoced hypoglycemia dei
performances compared to stud
coming from other measures su
decision tree resulitnedducade dhuye
detection in boltihvicongtexéd eids i
CGM metrics measured prior t

predicting upodmiceg éayenongl ye e

T Thepropdld K&E composite methriwvwi n
appeantdr matithe risk of hypog
exercise performed in control

T CGM metrics measured prior th
predicting upcoming severe hy

A main advantage of relying only on CGM i
screening, thanks to the growing diffusion
For DR detecti on -stchriese nwionugl di nalp eoowp lae parte r i s
to bermedfgoing to fundus checks, which are
di agnosis of impaired glucose tolerance, fe
have many advantages if added to the stand:
apprdanhlss out for is that even i f we did n
forecasting, we were able to discriminate

onl yeweart CGM dat a.

I n

rel atiormasedcbeseénpgputafcatlilcse st oanalvoi d

devel opbiansge dMLappl i cati ons in the field
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theCGMdat asetwer aseadslouropemaddat g
heterogeneity aneéngluuc mge avagr
the population wunder study (i
t herapy wer eamwe lav obiadianngc ebdi)a s e
when partitioning the dataset
the same subject were not mi X
when handling missing values,

a good choice since CGM dat a

presence of gaps |l asting | ess
in line with the fact that si
model s i f trained on not so | &

we avoided us-bagedeapgbeat hmn
ML wel | known model s;

the choice of windows from wh
in relation :tbpaghesiappbasadi o
comprised the period until 3
di agnosis ftest i d@G6TT7Tfjcati on
window was selected to take
coneval uated during the whofte
induced hypoglycemia t-Bleouwn s1)d:

CGM metrics extracted were nol

standardized in the consensus
package, whichewaerfe eglr @ ni chalp
i nvestigate the information i

possible hidden patterns that
evaluated research question.

we did not include food and di
accelerometry signal based fe
a broader popul ati on;

for I ong prediction horizons

we did in the case of i nduced
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I n general, the framework proposed in the

have devel oped.

Finally, I n Chapter 6 we proposied an ea:
with respect to t he itorfadaibtsiod nuatle ebx poearviame natbe

percentage of exogenous i nsul in dose reac
met hodol ogy all ow assessing individual bi oa
the field of precision smegdni cdfnet d&ihladr ewdo utl Hd
regi mens on the basis oMonrtdevemdiwhamadpp!l i
i nhal ed rneswlltis showed that the overall el
assessed -bgsaheaseprander the endogenous in
a factor of two following inhaled insulin a
usef ul t® afsflsects afh exogenously administel

secretion.

7. 21 mitatiuamus eamdde viel opment s

Concerning the number of subjects considere
enough to justhiakcegdtmethoedsof hblwever, i f we
datasets found in the field of metabolism,

tihs thesis are comparable with that of ot
extraction allow a dataset to be well chara
the initial probl em. Data augmentation t e«
prefeyred oeldat-wor éefil secenagioneabhnd avoid i
These consideration were al/l confirmed by

referAecoedi ng to the common pitfalls in the
l i mi tations of the thesis concerns the fact
of hypoglycemia, which in the case,of exerc
however stil!]l represent an embryonic state
with the current recoaeanmemidadliedbmisse pmaypyobed

focus for fut uagarmwdirrkgb aMoade ©&ypdprr,o arc hes, f ut 1
may I n@lxadmeni ng different windows for CGM n
CGM metrics with respect @83gmhsonsoeogtchd msgi der
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t hat CGM does

N 4 g/idiLi/)mi maumpmpar e the appr(oiaceh ,wi tt
on r@&EwrCoOGMadatiali ceoteewnal vhaei
macdald oavail abilityTepheosphieaies n sinc

s tnwsdil e ;n,.

pos

essment could be evaluated across othe
m regul ari hlwynansimgubhseerays based on s
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