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KOMBIHOBAHA OBEPOEBKA AAHNX CAMOCTIAHOIO MOHITOPUHIY
PIBHA NMIOKO3 B KPOBI

I. M. Yyiiko, O. B. iBOpHiIK, €. C. JapHanyK
HopHomopckKuli HayioHasibHUl yHisepcumem imeHi Nempa Moezausiu

CamOCTiHWIA MOHITOPUHI PIBHS T/1OKO3M B KPOBI NMPOTArOM [JOBrOT0 NepIogy € OAHUM i3 3ac00iB MOHITOPUHIY CTaHy 3[0pPOB'A.
[JaHi npeacTaBneHoro foCimKEHHS [O3BO/IAKOTL KOPEryBaTy ikyBaHHs Ta CMoCiO XUTTS Ntofdeid, XBopuxX Ha Ajabet. TpeHau, MiH-
JIBICTb Ta CE30HHICTb Cepili € 6a30BUMM OJ151 3aNPOBAMKEHHST TaKUX PilleHb, 4718 YOro MPOMOHYETLCSH BUKOPUCTOBYBATK KOM-
6iHOBaHy 06p0bKy AaHMX. Taka 06pobka BK/IOYaE B cebe CUHIYNAPHO-CrekTpasibHuii aHanis (CCA) 3 BUKOPUCTaHHAM rpadikis
MyaHkape Ta AOCAiKEHHS CTATUCTUYHOI aBTOKOPENALLINHOT coyHKLT (AK®D).

OG6’eKT JOCHimKEHHS — 67-piuHWiA HOMOBIK 3 AOBIOKO iICTOPIEKD XBOPOOU Ha AjabeT agpyroro Tuny (T2D). TecTv NpoBOAWANCH TpY
pasu Ha TWXAEHb 3a cxeMoto «[oHeninok-Cepefa-N'aTHyUA». 3arasbHuin Yac BUMIpY cknagae 176 TvbkHIB, TOMy YacoBa cepist
Mae AoBxuHy B N=528 cemnnis.

Y pesynbrari aBTokopensiiHa dyHKLjsi CPorHo3yBasia Ce30HHICTb cepii. CymMa nnaBHOro TPeHAy, HaliMeHLUi KONMBaHHS Ta 3a-
AMwkn (Lwymu) | € mogento cepii. Takuin nigxig € ctaHgaptHim ans CCA. 3HalifeHo nnaBHuiA TPeHy, i3 3MiHOK. HaiimeHwwumii
nepioz (N/1H0C CE30HHICTb) 6M3bKMIA A0 WecTy MicsALiB. AHani3 rpadiky MyaHkape nokasye BMNaAKoBy NPYpOLY KOPOTKOCTPOKOBOI
BapiabenbHOCTI cepiil, ToAj K JOBrOCTPOKOBA Ma€e CE30HHICTb K OCHOBHE [KEpEero.

TpeHa mae Bunyky chopmy. BusiBneHo 3aTprMKy Mixk MOHaTKOM JliKyBaHHS iHCYIIHOM Ta TOUKOH 3MiHW. LI 3aTprmka 6/m3bka 4o
nepiogy HaMMEHLLIMX KONMBaHb (G/I13bKO LLECTU MICALIB). Pe3ynsraty CUHIYNsipHO-CNEKTPa/IbHOTO aHaniay, rpadikis MyaHkape Ta
[OOCNimKeHb aBTOKOPENSALIAHOT cRYHKLT y3rogyKytoTbCsl MK COO0H0.

KnrouoBi cnoBa: piBeHb [/110K03U B KPOBI, CAMOCTIHNI MOHITOPYHT, TPEHZ, BapiabenbHICTb, CE30HHICTb.

COMBINED PROCESSING OF BLOOD GLUCOSE SELF-MONITORING

G. P. Chuiko, O. V. Dvornik, Ye. S. Darnapuk
Petro Mohyla Black Sea National University

Background. The self-monitoring of Blood Glucose for a long time is a healthcare tool. The records study allows a
correcting of a lifestyle and a cure for people with diabetes. The trend, seasonality, and variability of series are basic for
such decisions. A combined processing is offered. It uses the Singular Spectrum Analysis (SSA), using Poincaré Plot (PP)
as well as the statistical autocorrelation function (ACF) studies.

Materials and methods. The patient (n=1) is a 67-year-old male with the long history of type 2 diabetes (T2D). Tests
were carried out three times a week. The scheme: “Monday-Wednesday-Friday” was in use. The total time was 176 weeks,
so the time series has the length of N=528 samples.

Results. The ACF has forecasted the series seasonality at first. A sum of the smooth trend, the slowest oscillations and
the residuals (noises) was a model of the series. Such an approach is a standard of SSA. We found the smooth trend with
a change-point. Slowest period, alias the seasonality, was close to six months. PP analysis shows the random nature of
the short-term variability of series while the long-term one has the seasonality as the main source.

Conclusions. The trend has had a convex shape. We found a delay between the starting point for the insulin cure and
the change-point. This delay was close to the period of slowest oscillations (about six months). The results of the SSA, PP
analysis, and the ACF forecasts were consistent.

Key words: Blood Glucose, self-monitoring, trend, variability, seasonality.
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KOMBNHNPOBAHHAA OBPABOTKA AAHHbLIX CAMOCTOATE/IbHOIO
MOHUTOPUWHIA YPOBHA INMOKOS3bIl B KPOBU

I. M. Yyiiko, A. B. [1BopHUK, E. C. flapHanyk
UepHomopcKuli HayuoHasibHbIl yHusepcumem umeHu lNempa Moausibl

CamocToATe bHbI MOHUTOPUHI YPOBHS [/1I0KO3bl B KPOBW B TEUEHME AOMMOr0 nepvofa SBASeTCs O4HVWM U3 CPefcTB
MOHUTOPUHTa COCTOSHUS 300POBbSA. [lJaHHble NPeaCcTaBNeHHOro UCC/1eA0BaHUs NO3BOMAT KOPPEKTUPOBATL JIeHEHME ©
06pas Xun3Hu ngeid, 60MbHbIX AnabeTom. TpeHbl, U3MEHUMBOCTbL 1 CE30HHOCTb CEpUi ABNAIOTCS 6a30BbLIMU A/151 BHE-
[OPEHVA TaknX PeLLEHWNIA, A8 Yero NpeasIoKeH0 UCNob30BaTb KOMOMHMPOBaHHYH 06paboTKy AaHHbIX. Takas obpaboTka
BK/IHOU@ET B CE0S CUHIYNISIPHO-CNeKTpasibHbI aHasim3 (CCA) ¢ ucnonb3oBaHneM rpadmkoB NyaHkape 1 uccnegoBaHus
CTaTUCTNYECKON aBTOKOPPENAUNoHHOM hyHKumn (AK®).

O6bEKT nccnefoBaHns — 67-NeTHUI MyX4YMHa C AJ/IMHHOW ucTopueld 6onesHn anabetom BToporo tuna (T2D). TecTbl
NPOBOANINCE TPU pas3a B HELE/IO MO CXeMe «MOoHeAeNbHUK-Cpefa-naTHULa». ObLlee Bpems usMepeHust coctasnsiet 176
Hefenb, N0O3TOMY BpeMeHHas cepus uMmeet anvHy B N = 528 camnios.

B pesynbrate aBToKOppensumoHHas yHKLUMS CNPOrHo3npoBasia Ce30HHOCTL cepun. Cymma niaBHOro TpeHaa, manei-
e KonebaHusa 1 octatkv (LUyMbl) U ABNSETCS MOAENbI0 cepun. Takoi nogxoa ABnsercs ctaHaapTHeiM gns CCA. Haiige-
HO NIaBHbIA TPEH[ C U3MEHEHNEM. HanmeHbLLni nepunog (MC Ce30HHOCTL) 630K K LWecTn Mmecsiyam. AHanm3 rpadinka
MyaHkape nokasbiBaeT C/yyaiHy0 NPMPoAY KPaTKOCPOUHOW BapuabenbHOCTU cepuid, Torga Kak f4oArocpoyHas UMeeT ce-
30HHOCTb Kak OCHOBHOU UCTOYHNIK.

TpeHa nmeeT Bbinykyo hopMy. OBHaPYXEHO 3a4ePXKYy MEXAY Ha4yasIoM SIEHEHUSI UHCY/IMHOM U TOUKON M3MEHEHNS.
OTa 3agepxka 6/11M3Ka K nepuogy Mmaneiimx konebaHuin (Okono WwecTn MecsaueB). PesynsTarsl CUHIYNSPHO-CNEKTPa/IbHO-
ro aHanmsa, rpadonkoB lNMyaHkape v UccnefoBaHNin aBTOKOPPEALMOHHON (DYHKLMM COrMIacyoTcs Mexay CO60M.

KntoueBble c/oBa: ypoBeEHb [/1H0K03bl B KPOBU, CaMOCTOATEbHbIN MOHUTOPWHT, TPEHA, BapVIaGEI'IbHOCTb, CE30HHOCTb.
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Introduction. Self-monitoring of blood glucose
(SMBG) is a healthcare tool in the last few decades
[1]. Still, the benefits of SMBG for people with type 2
diabetes (T2D) are under doubts up to now [2-4]. There
is areal conflict of views. They are the opposite: from “a
waste of money” [2] up to “the opportunity to get a high
investment—outcome ratio in the diabetes treatment” [3].
Besides, the gainful industry of devices and strips for
SMBG has an own point of view in this struggle [1].

The systematic and full review [4] asserts that
SMBG may improve the glycaemic control. Still, this
is possible only within proper learning. The tuition
must touch both the patients and healthcare experts.
They should know which changes in the lifestyle and
the cure are matched to the SMBG results. Trends and
seasonality of the glycaemic level look as the key to
such decisions. Hence, any SMBG needs the proper
processing.

Each SMBG is a time series in fact. There does not
matter the diversity of the glucose meters [5] or the
varying in the frequencies of measuring [6]. Singular
Spectrum Analysis (SSA) is a new method of the time
series processing. It is needless to make any statistical
assumptions about either signal or noise using SSA[7].

SSA has proved fruitful. It has become a standard
tool in the processing of climatic, geophysical, genetic
series etc. [7, 8, 9]. These signals have the large
variability like medical series. The plus of SSA is a
more exact forecast [8, 9]. SSA is specially fit for the
solving of below-listed problems [8]:

1) finding of trends;

2) smoothing and denoising;

3) extraction of seasonality components;

MEANYHA IHOOPMATUKA
TA IH)XKEHEPIA

4) simultaneous extraction of cycles with small and
large periods;

5) extraction of periodicities with varying amplitudes;

6) simultaneous extraction of complex trends and
periodicities;

7) finding structure in a short time series;

8) change-point detection.

This list contains points, on which we will shed
light using the SMBG processing. The effective
algorithms for the SSA method had described in [10].
The new proper software was stated in [11] recently
(via R-package).

Aims. The first aim of this paper is to show the
power of SSA as for as an SMBG case study. It
would be one of the first attempts to apply SSA for
SMBG. The second aim is the offer of a combined
processing with SSA, Poincaré Plots (PP) analysis
and autocorrelation function (ACF). Such the set of
tools allows crosschecking of the results reliability.
The calculations and coding were made with Maple
tools [12].

Materials and methods. The patient is a 67 year
old male with the long history of T2D. Medications
were per oral up to the 111" week of observations.
The multi-dose insulin (MDI) was involved from the
112%™ week twice daily. It was the clinical decision of
the responsible endocrinologist.

The regular tests were performed three times per
week. The stable scheme: “Monday-Wednesday-
Friday” was in use. The total duration was 176 weeks,
so the time series has the length N=528 samples. All
trials were before a morning meal with the glucose
meter “SensoLite Nova”.

Table 1

The measurement device properties

Range Standard deviation within | Relative accuracy | Total error of device | Memory capacity
range of strips
20 — 600 mg/dl 4.0 — 6.5 mg/dl 3.0-45% 8 — 16 mg/dl 500 samples

Table 1 shows some technical options for the device.
A reader can easily convert the used units (mg/dl) to
another kind of them (mmol/1) by the dividing on factor 18.

The mean value of lengthy SMBG series was about
151 mg/dl. The standard deviation was equal to

24.3 mg/dl. Note the standard deviation of series
is out of the range of the fourth column of Table 1.
Hence, the accuracy of SMBG is never limited by
device error [13].
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Fig. 1. The normalized statistical autocorrelation function of the SMBG series. A few slow oscillations

are evident

Fig. 1 presents the normalized statistical autocorrelation
function (ACF) for our series. The autocorrelation
coefficients for a time series were defined by the
formula:

g
G 1)
There is
N-k
Ck = Z(xj - ,u)(xj+k _/u)
j=1
0<k<N-1

@

and # is the mean of the series (X); = (X, X,,..,X) .

Fig. 1 shows the weighty contribution of a slow
oscillation into the signal. The longest period is roughly
in the range (70-78) samples. It is close to six months
(or 23-26 weeks). This result looks like the seasonality
of “winter-summer” type [7, 8].

However, the said result requires the confirmation
and refine. We recall the SSA is the suitable method
for trends and seasonality extraction [8]. Thus, the pre-
result showed by Fig. 1 is expedient to confirm and
clarify within this method. It will be performed in the
next section.

General statistical metrics usually do not include
glucose variability. That is right also for ACF and
SSA. However, the variability is an important
measuring of glycaemic control [13]. So, appropriate
processing must include such study. We suggested
Poincare Plots joined with ACF and SSA. This
minimal set ensures the key indicators for the clinic
decision-making: the trend, the seasonality and the
variability for the glycaemic level.

Results and discussions. Grouping of singular
triples. The papers [7-11] describe the basic of SSA in
detail. The basic algorithm comprises four stages. They
are embedding, singular value decomposition (SVD),
grouping, and reconstruction.

Let divide the initial series into a set of
K =N - L + 1 one-lagged vectors with the same
length L. Each of these vectors is a column in the
trajectory matrix with the dimensions L * K [7-11].
This matrix is the main result of the embedding.

Thus, it predicts a choice of the length of the window
2 <L <N. Theoretic idea tells us that L should be large
enough but not greater than N/2. If so, we have taken
L = 264 = N/2. Thus, our trajectory matrix has had
almost the quadrate shape (264 x 265).
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Fig. 3. 1D-diagrams for the components of right singular vectors. The solid circles show the first vector;

open circles - the second one

Fig. 2 shows the first dozen of singular values (the
complete set is ) in the semi-log scale. Such a graph is often
termed as Cattell’s scree-test [ 14]. Deflections, or so-called
elbows, are the key feature of the test understanding. Three
first elbows are connected with third, fifth and tenth points.
Further elbows are much less evident.

Hence, we can consider the first pair; first four or first
nine so-called singular triples. These singular triples

are the results of SVD. Each triple contains one of the
singular values as well as two singular vectors: the left
and the right. The listed above sets are enough for the
less or more exact approximation of the experimental
series. A way of the singular triples selection and their
interpretation is termed as the grouping [7-11].

The grouping is the sole creative process demanding
some experience and intuition. The authors of [7]
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advised pay attention to the singular vectors of triples.
The 1D-charts for singular vectors are similar to the
single components of the series. Smooth, slightly
changing charts of a permanent sign most often
correspond to the trends of series. Such 1D-chart for
first two singular vectors is shown on Fig. 3.

The first singular vector (solid circles) is a quite
smooth and slow changing sequence without a
change of sign.

The second one (open circles) is beyond the
above conditions. This vector is a family member
of long-period oscillations. Note that its period
on the Fig. 3 is close to one detected on Fig. 1.
Afterward, we must consider the second triple
together with the third and the fourth as the next
group. This group describes the slow oscillations
probably with the varying amplitudes.

The rest of the triples, beginning from the fifths,
we will recognize as “a noise”. Thus, we will ignore
and classify as a noise all oscillations with shorter

=

2501

200 o <

Blood glucose level, [ng/dl]
n
=

periods. Yet, we could consider them if it would
necessary. To do it we can to take the next group of
triples: from the fifth to the ninths.

Here, however, is the question “when should
be the stopping of this process?” If the standard
deviation of the “noise” were of the same kind as
the total error of the measuring then the stopping
would seem as sensible.

Trend, slowest oscillations and “noise”. We have decided
above to use only two or three group of singular triples:

1. The first triple corresponds to first and greatest
singular value. This triple defines the trend of series.

2. The second group consists of three next triples.
This group describes the slowest oscillations of series,
which have detected by the Fig. 1 and the Fig. 3.

3. The third group contains the next five triples.
This group can either be taken into account, or
not, depending on the conditions. It determines the
oscillations with shorter periods, the relevance of
which is still under question.

0

200

300
Samples (1)

Fig. 4. Trends as dashed lines and slow oscillations as solid lines showed on the background of initial
SMBG series (points). The graph displays the approximation with two groups of singular triples

Fig. 4, 5 presents the trend of SMBG series by dashed
lines. Solid lines show the two different approximations
on the background of measured series (points). Fig. 4
presents the approximation with two groups of triples.

The trend line is a bit, but obvious convex. It allows
the detecting of the change-point [8]. This point is at
401" sample that is on the 134 week of observation.

Thus, the trend was negative, i.e. the glycaemic level
was increasing, up to the change-point. The trend
was changed to stable positive afterward the point.
Note that the trend range is close to the standard
deviation of the initial data. Hence, without the
trend extracting the change-point would be never
noticeable.
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The unexpected large delay between this change-
point and the above-mentioned 112t week was found.
The matter is that after the 111" week the MDI-
treatment has been started. This delay is virtually equal
to the period of slowest oscillations that is close to six
months (24 weeks more exactly).

We cannot take a liberty for discussions about of a
meaning of this delay for endocrinologists. Yet, we
invite to pay attention to the remarkable fact despite that
was found in the case study. Medics prefer to deal with
the groups of homogeneous patients and often consider
a case study as the waste of time. However, the situation
is changing gradually. Here we take in mind the novel
concept of the person-centered medicine [15]. The case
studies are in focus of this concept.
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The period of slowest oscillations has turned out
about 72 samples what is equal to 24 weeks. It good
matches the periods from Figs. 1 and 3. Hence,
the slow oscillations with the period close to six
months are inherent on series. The amplitude of
them increases since the change-point area.

Slow oscillations have an effect on ACF (Fig.
1) detected on the charts of singular vectors (Fig.
3) and appear in approximate series (Fig. 4 and
5). They have all signs of the seasonality [7-9].
The seasonality period (about six months, or the
winter-summer interval) indicates the effect of
the seasonal diet and physical activity on blood
glucose level.
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Fig. 5. Trends as dashed lines and slow oscillations as solid lines showed on the background of initial
SMBG series (points). The graph shows the approximation with three groups of singular triples

Fig. 5 demonstrates only the minor effects caused
by faster oscillations. They have the roughly twice-
shorter periods and probably the same seasonal origin.
Their amplitudes are much lower than for the above-
mentioned slowest oscillations. Thus, we can see only
subtle hints of their being in Fig. 1.

Examine the standard deviations for the “noise”.
Consider three consequent approximations: with one,
two or three groups. We got the row of estimates in
the descending order: sd, =22; sd, =17; sd, =15
(in mg/dl).

The comparing of these estimates with the total error
of the device ( mg/ dl, see Table 1) confirms that the

approximation with two groups is quite enough in the
sense of accuracy. The next step (Fig. 5) looks already
a few “over and above” that.

Long-term and short-term variability of SMBG
(Poincare Plot). Poincare plots were first applied for
the variability analysis of the heart rate [16, 17]. Yet,
the variability is inherent not only in the heart rate but
in the wider spectrum of medical signals [18]. The
author [19] has suggested Poincaré plots as an “elegant
way to visually display the glucose variability”.

A Poincaré Plot is a way of the picturing of a time

series (x); =(X,...,X, ,...,Xy ) . Two one-lagged vectors

(x)Y,(x)¥" form a 2D-array. The scatter plot ¥,:1
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against x, for all n=1,...,N —1 is termed as Poincaré
Plot (PP). We can consider it as an embedding of two
above vectors into 2D-space (a plane). The one-delay
map of the series on the plane is another interpretation
of PP.

Authors [17] have suggested two descriptors for PPs.
We would like to write down these here in the form
that has been offered by the paper [16]:

sp1=sp(X :éx)'N 5

()7 + (),
SD2 =Sp(:2 Ty

Here SD((x)') is the operator of the standard
deviation for the time series. The descriptors (1) are
the standard deviations of two different parts of the
signal. The first of then (SD1) characterize the short-
term variability of a signal. The second one (SD2)
describes the long-term variability.

_SD1

Its ratio  SD?2 presents the randomness of
the signal [16-19]. One can see that our PP has a
shape as if an ellipsoid (see Fig. 6). The longer axis
coincides with the direction of the so-called identity
line that is the bisectrix. The shorter axis is normal
to this direction. We got the following results:
SD1~14 mg/dl, SD2 ~31mg/dl and R~0.45.

200+
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3 140
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Fig. 6. The Poincaré Plot of the SMBG series
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The first of them (SD1) turned out to be close to the
error of the device (see Table 1). Hence, the short-term
variability probably has the noise as its main basis. As
well, one can see that up to 45 percent of the signals have
the random origin. The second one (SD2) surely exceeds
the device error. Thus, we must consider the long-term
variability of the signal as caused by slow oscillations (the
seasonality). Therefore, the results of the Poincaré Plot
analysis support the conclusions of the above sections.

Conclusions. The healthcare experts have pointed
out two main skills (operational and interpreting),
which are necessary at the SMBG [20]. Patient must
be familiar not only with the glucose-measuring.

Appropriate interpretation and processing of the SMBG
results is basis not only for the clinic decision-making but
also for the adjustment of the patient lifestyle taking in
the mind current results. Both purposes require the simple
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but informative procedure of the records processing. We
have shown above some kind of such processing.
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1. The Singular Spectrum Analysis proved to be
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the variability are keys to the interpretation of SMBG.
2. The results of statistical autocorrelation analysis,
Poincaré plot analysis, and SSA are in good agreement.
3. The short-term variability of the SMBG has mainly
the random nature. The long-term variability caused
mostly by slowest oscillation that is the seasonality.
4. A certain delay has existed between the start of the
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