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Abstract: A combination of information from blood glucose (BG) and heart rate (HR) measurements
has been proposed to investigate the HR changes related to nocturnal hypoglycemia (NH) episodes in
pediatric subjects with type 1 diabetes (T1D), examining whether they could improve hypoglycemia
prediction. We enrolled seventeen children and adolescents with T1D, monitored on average for
194 days. BG was detected by flash glucose monitoring devices, and HR was measured by wrist-worn
fitness trackers. For each subject, we compared HR values recorded in the hour before NH episodes
(before-hypoglycemia) with HR values recorded during sleep intervals without hypoglycemia (no-
hypoglycemia). Furthermore, we investigated the behavior after the end of NH. Nine participants
(53%) experienced at least three NH. Among these nine subjects, six (67%) showed a statistically
significant difference between the before-hypoglycemia HR distribution and the no-hypoglycemia
HR distribution. In all these six cases, the before-hypoglycemia HR median value was higher than
the no-hypoglycemia HR median value. In almost all cases, HR values after the end of hypoglycemia
remained higher compared to no-hypoglycemia sleep intervals. This exploratory study support that
HR modifications occur during NH in T1D subjects. The identification of specific HR patterns can be
helpful to improve NH detection and prevent fatal events.

Keywords: nocturnal hypoglycemia; type 1 diabetes; heart rate variability; flash glucose monitoring

1. Introduction

Hypoglycemia is a common and serious side effect of insulin therapy in subjects with
type 1 diabetes (T1D) [1-4]. Early detection of hypoglycemia may improve treatment
and avoidance of severe complications, including dead-in-bed syndrome, which is an
unexpected death during sleep [5-9].

Dead-in-bed syndrome occurs in about 5% of deaths in childhood-onset diabetes [10];
hypoglycemia, ECG abnormalities, and autonomic dysfunction have been suggested to
be involved in the pathogenic mechanisms. Cardioacceleration and corrected QT (QTc)
prolongation have been reported during hypoglycemia as a dominant sympathoadrenal
response. During episodes of nocturnal hypoglycemia (NH), different phases of heart
rate (HR) variability are reported, supporting that the initial sympathetic activity to hy-
poglycemia can be followed by a parasympathetic response [11]. A risk of arrhythmic
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death can occur in patients with cardiovascular risk and autonomic failure due to a blunted
nocturnal sympathoadrenal response and relative parasympathetic predominance. How-
ever, measurable changes in HR variability during hypoglycemia are present in subjects
both with and without cardiovascular autonomic neuropathy (CAN) [12]. Nevertheless,
it remains not fully elucidated how CAN influences these measurable changes.

Recently, a combination of information from continuous glucose monitor (CGM) and
HR measurements have been proposed to predict hypoglycemia in both bedbound and
active T1D subjects [13,14]. This study aims to investigate the HR changes during nocturnal
hypoglycemic episodes in children and adolescents with T1D, examining whether such
signals could improve the detection and prevention of NH. For this purpose, blood glucose
(BG) levels were monitored by a flash glucose monitoring (FGM) device, and HR was
recorded by a wrist-worn personal fitness tracker (PFT), both connected to the Advanced
Intelligent Distant-Glucose Monitoring (AID-GM) web-based platform [15]. Results from
this study will provide important knowledge for the development of a potential NH alert.

2. Results

Baseline characteristics of the participants at the time of recruitment are presented
in Table 1. Subjects were monitored on average for 194 days (+ standard deviation of
83 days). Overall, 68,560 h of BG monitoring and 15,392 h of simultaneous BG and HR
monitoring were recorded. A total of 773 sleep intervals were detected, including 170 h
of BG recordings during sleep in the hypoglycemic range, i.e., where BG < 70 mg/dL
(BG < 3.9 mmol/L) [16]. For each subject, the median duration of hypoglycemic episodes
during sleep was 57 min, with an interquartile range of 43 min.

Table 1. Study participant’s characteristics at baseline. Summary statistics are presented as frequency
(percentage) and mean =+ standard deviation. HbAlc: glycated hemoglobin; BMI: Body Mass Index.

Characteristic Summary Statistics
Sex Female: 9 (52.94%)
Male: 8 (47.06%)
Pre-pubertal: 5 (29.41%)
Pubertal stage Peri-pubertal: 7 (41.18%)
Post-pubertal: 5 (29.41%)
Age (years) 12.30 +4.33
Diabetes duration (years) 511+£4.18
Insulin dose (IU/Kg/die) 0.84 +0.24
HbAlc (%) 8.21 +1.29
HbA1lc (mmol/mol) 66.12 £+ 14.16
BMI (Kg/m?) 19.88 4+ 5.06
Systolic arterial pressure (mmHg) 105.53 + 11.01
Diastolic arterial pressure (mmHg) 67.65 + 6.40

Nine of the seventeen participants experienced at least three episodes of hypoglycemia
during sleep. A total of 516 valid sleep intervals remained after the preprocessing step, split
into 68 intervals (13%) with the occurrence of hypoglycemic episodes and 448 intervals
(87%) without hypoglycemic episodes.

For each of the nine selected subjects, the distribution of HR values in the before-
hypoglycemia dataset was compared to the distribution of HR values in the no-hypoglycemia
dataset (Figure 1). All subjects but three (Subjects 1, 10, and 16) showed a statistically signifi-
cant difference between the before-hypoglycemia HR distribution and the no-hypoglycemia
HR distribution, with a p-value < 0.01. Interestingly, in all these six cases (67%), the HR
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median value of the before-hypoglycemia dataset was higher than the HR median value
of the no-hypoglycemia dataset. On average, the before-hypoglycemia HR values were
higher than the HR median value of the respective no-hypoglycemia dataset in 75% of
cases (£ standard deviation of 14%). Subject 1 also showed a higher HR median value
before hypoglycemic episodes than in sleep intervals without hypoglycemia, but the dif-
ference is not statistically significant, while for Subjects 10 and 16, the HR median values
were comparable.

Figure 2 displays a comparison between the HR distribution in after-hypoglycemia
and no-hypoglycemia datasets for each subject. The HR median values in the hour after
the end of hypoglycemia were higher than in sleep intervals without hypoglycemia for all
cases but one (Subject 10), with a statistically significant difference in six cases (67%).
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Figure 1. Comparison between the heart rate values collected in the hour before a hypoglycemic
episode (in red) and in sleep intervals without hypoglycemic episodes (in green).
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Figure 2. Comparison between the heart rate values collected in the hour after a hypoglycemic
episode (in orange) and in sleep intervals without hypoglycemic episode (in green).
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3. Discussion

T1D is a common chronic disease in children and adolescents, caused by auto-immune
destruction of beta-pancreatic cells and characterized by chronic hyperglycemia [17,18].
A T1D self-management requires frequent BG levels checking, carbohydrate (CHO) count-
ing, evaluation of the affective response to exercises, and insulin self-injecting [17-19].

A reduction in the incidence and progression of diabetes-related complications is
associated with tight glycemic control [20,21]; nevertheless, the improvement of glycemic
control increased the risk of iatrogenic hypoglycemia [1-4]. The main part of excess mor-
tality in T1D is related to long-term complications; however, an excess death rate has also
been reported in subjects with short disease duration and without long-term adverse ef-
fects [22-24]. Part of this mortality has been attributed to an unexpected death during sleep,
related to NH [25]. Although the pathogenic mechanism of the dead-in-bed syndrome is
not fully understood, plausible theories support the role of hypoglycemic episodes, cardiac
arrhythmias, cardiac autonomic failure, or a combination of these [6,26-31].

In experimental studies, the morphological changes in electrocardiographic repolar-
ization, the QTc prolongation, and cardiac rate/rhythm disturbances have been described
during hypoglycemia in T1D [5,8,32].

Abnormal cardiac repolarization during hypoglycemia appears to be mediated by both
the direct effect of sympathoadrenal stimulation and catecholamine- and insulin-induced
hypokalemia on cardiac ion channels [27]. Hypoglycemia is recognized as a potential
proarrhythmic event [31], but direct evidence linking electrocardiographic changes, and
the dead-in-bed syndrome is still missing [30]. Multiple factors such as overt or undetected
autonomic neuropathy, genetic contribution, or abnormally intensive sympathoadrenal re-
sponse are likely to contribute to the phenomenon [31]. However, the disturbance of cardiac
rhythm may represent a crucial point in the study of NH for preventing fatal outcomes.

In this study, we confirmed that symptomatic or asymptomatic hypoglycemia contin-
ues to frequently occur in young people with T1D during sleep. Considering subjects with
at least three episodes of NH, in 67% of cases, there was a statistically significant difference
between the distribution of the HR values collected in the hour before a hypoglycemic
episode and the distribution of the HR values collected in sleep intervals without hypo-
glycemia. In addition, for all the subjects that showed a significant difference between the
two HR distributions, the HR median value of the before-hypoglycemia dataset was higher
than the HR median value of the no-hypoglycemia dataset. In addition, after the end of the
hypoglycemic episode, in all cases but one, the HR values remained higher compared to
those collected in the no-hypoglycemia sleep intervals.

The presence of higher HR values in the before-hypoglycemia dataset supports the
sympathetic response to hypoglycemia [33], while a persistent increase in HR could be
implicated in hypoglycemia-induced cardiac arrhythmias. Increased HR followed by
an incorrect adjustment of repolarization, with inhomogeneous prolongation of the ac-
tion potential duration, can lead to the dispersion of ventricle repolarization and fatal
arrhythmias [33]; the additional role of renin-angiotensin system activity in the magnitude
of the adrenaline response to hypoglycemia could also be considered in subjects with
T1D [34]. A subsequent increase of the parasympathetic activity to defend the organism
cannot be excluded, leading to a risk for fatal heart rhythm problems in subjects with
autonomic failure.

Our results suggest that HR may be an interesting parameter to discern the episodes of
hypoglycemia. Simultaneous monitoring of various physiological parameters could offer
unexplored opportunities to build algorithms for early detection of hypoglycemic events,
as described by Bertachi et al. in a cohort of adult subjects [35]. The introduction of a
hypoglycemia prevention algorithm can improve glycemic outcome measures [36], and the
optimization of glycemic control may improve cardiac sympathetic and parasympathetic
activities, reducing the risk for a fatal alteration of rhythm [37]. Finally, data confirm that
the identification of physiological responses that are non-invasively measurable with a
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wearable sensor system can have a potential role for disease management in young people
with T1D [38,39].

We acknowledge several limitations of our study. The number of participants is
relatively small, not enough for the development of a predictive model; in the future,
increased sample sizes are recommended. We selected a group of T1D subjects who were
free of complications since older participants and those with early complications could
have more evident HR alterations. In addition, we have not data about morphological
changes in electrocardiographic repolarization and/or the QTc prolongation, which could
be useful to study the pathogenetic mechanisms of cardiac arrhythmias. Finally, the FGM
systems may be less accurate than direct glucose measurements, although the Abbott
FreeStyle Libre sensor has been validated in children and adolescents with T1D [40].

In conclusion, this exploratory study supports that HR modifications occur during
NH in T1D subjects. The identification of specific HR patterns could be helpful to improve
the early detection of hypoglycemic episodes and prevent fatal events. The creation of a
NH prediction algorithm may represent a challenge for the management of diabetes in
children and adolescents.

4. Materials and Methods
4.1. Subjects

A group of seventeen children and adolescents with T1D under multiple daily in-
jections, using a rapid-acting insulin analog such as prandial insulin and a basal insulin
analog, was recruited from the Pediatric Diabetology Unit at Fondazione IRCCS Policlinico
San Matteo Hospital in Pavia, Italy, between August and December 2018. Subjects with
retinopathy, nephropathy, established macrovascular disease, and those on drugs likely to
affect cardiac function or rhythm were excluded.

Anthropometric data were recorded at the enrollment. A FGM sensor (FreeStyle
Libre®, Abbott Diabetes Care, Alameda, CA, USA) [41] and a PFT device (Fitbit Charge
HR®, San Francisco, CA, USA) [42] were delivered to the study participants, who were
asked to periodically upload their monitoring data through the AID-GM application with
the help of their caregivers. Participants were instructed to apply the FGM sensor at the
back of the upper arm and change it every fourteen days. The PFT is a wrist-worn device
resembling a watch, which uses photoplethysmography (PPG) to detect periodic changes
in blood flow beneath the sensor, thereby measuring HR.

The study was performed in accordance with the Declaration of Helsinki, and the
protocol was approved by the Institutional Review Board of the hospital. Children’s
caregivers (or subjects aged > 18 years) provided written consent for inclusion after they
were given information about the nature of the study.

4.2. Anthropometric and Clinical Assessment

Physical examination of subjects included anthropometric measurements of weight
and height, Body Mass Index (BMI) calculation, and assessment of the pubertal stage.

Weight was measured with participants in light clothing without shoes, standing
upright in the center of the scale platform facing the recorder, hands at sides, and looking
straight ahead. For standing height, subjects were instructed to stand as tall as possible in an
upright position without shoes, with heels together and toes apart, hands at sides, aligning
the head in the Frankfort horizontal plane, and taking a deep breath. Measurements
were performed using a Harpenden stadiometer with a fixed vertical backboard and an
adjustable headpiece.

BMI was calculated by dividing the subjects” weight in kilograms by the square of the
height in meters. The Marshall and Tanner scale was used to evaluate the pubertal staging,
with the pre-pubertal characteristics corresponding to Tanner Stage 1 [43,44].
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4.3. Advanced Intelligent Distant—Glucose Monitoring (AID-GM)

AID-GM is a web application developed at the Department of Electrical, Computer
and Biomedical Engineering of the University of Pavia, Italy, in collaboration with the
Pediatric Diabetology outpatient service of the Fondazione IRCCS Policlinico San Matteo
Hospital in Pavia [15]. The AID-GM platform has been designed for the integration
of heterogeneous data coming from FGM sensors, PFTs, and vocal messages provided
by subjects reporting daily diary information, useful for monitoring both lifestyle and
metabolic control of diabetic subjects. A joint analysis of BG, HR, and activity data, in fact,
can provide information about the glycemic profile and help to contextualize the occurrence
of relevant episodes during daily routines, workouts, or sleep.

The AID-GM application offers a wide range of visualization and innovative analytical
tools. In particular, it supports advanced temporal data analysis functionalities for the
extraction of qualitative patterns from time-series data. This is possible thanks to the
integration with the Java Time Series Abstractor (JTSA), a framework for processing
temporal data and extracting knowledge-based patterns [45]. JTSA modular structure
allows combining different algorithms to extract multivariate and complex patterns that
can be personalized using subject-specific parameters. Moreover, the temporal analysis
can be focused on specific time frames, e.g., days of the week or moments of the day. AID-
GM currently supports ten types of patterns representing well-known clinical phenomena,
which could identify potentially risky situations. For example, it is possible to automatically
extract the NH pattern, i.e., BG measures below the subject-specific hypoglycemia threshold
during a sleep interval.

The application is designed to analyze both an individual subject and a group of sub-
jects. This can be valuable, especially considering the huge amount of longitudinal data that
has become available with the use of monitoring devices, which will not allow easy manual
identification of critical situations. Statistics on a group of patients can help the physician
to quickly identify subjects who need closer control and possible therapy adjustments.

4.4. Statistical Analysis

Exploiting the synchronization between PFT and FGM, the AID-GM platform allowed
both identifying the start and endpoints of sleep intervals and detecting those intervals
characterized by the occurrence of hypoglycemic patterns, i.e., where BG < 70 mg/dL
(BG < 3.9 mmol/L) [16].

In the preprocessing step, a filter was applied to exclude all the sleep intervals that
were preceded by hypoglycemic episodes in the previous two hours since these episodes
could alter the succeeding BG and HR measurements. Therefore, only the HR measures
recorded in the remaining sleep intervals were considered in the study. In addition, subjects
with less than three overall hypoglycemic patterns during sleep were excluded.

For each selected subject three HR datasets were created, called before-hypoglycemia,
after-hypoglycemia, and no-hypoglycemia. The first two datasets included HR measure-
ments collected during sleep intervals with hypoglycemic episodes, while the last one
related to sleep intervals without hypoglycemic episodes. Regarding sleep intervals with
hypoglycemia, the before-hypoglycemia dataset was limited to HR measurements recorded
in the hour before the hypoglycemic episode, whereas the after-hypoglycemia dataset in-
cluded HR measurements recorded in the hour after the hypoglycemic episode. For nights
without hypoglycemia, the analysis was performed on HR measurements collected during
the whole sleep period, excluding the first hour after falling asleep and the last hour before
waking up. Finally, the HR measurements from each dataset were aggregated into separate
five-minute time intervals to capture the average values.

For each subject, the non-parametric Mann-Whitney U test was performed to compare
whether the HR distribution was the same for before-hypoglycemia and no-hypoglycemia
datasets or there was a difference between them, setting the significance threshold to
0.05. In addition, by comparing the HR distribution between after-hypoglycemia and
no-hypoglycemia datasets, we investigated what happened after the end of hypoglycemic
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episodes. All the analyses were implemented with the R for statistical computing, version
3.5.1. Mann-Whitney U test was implemented through the function “wilcox.test” available
in the R package called “stats” [46].
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read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The study was conducted according to the guidelines of
the Declaration of Helsinki and approved by the Institutional Review Board of Fondazione IRCCS
Policlinico San Matteo Hospital in Pavia, Italy. The ethical code is 20180056724.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data that support the findings of this study are available on request
from the corresponding author, C.L.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. McGill, D.E; Levitsky, L.L. Management of Hypoglycemia in Children and Adolescents with Type 1 Diabetes Mellitus. Curr.
Diabetes Rep. 2016, 16, 88. [CrossRef] [PubMed]

2. Shaefer, C.; Hinnen, D.; Sadler, C. Hypoglycemia and Diabetes: Increased Need for Awareness. Curr. Med. Res. Opin. 2016, 32,
1479-1486. [CrossRef] [PubMed]

3. Awoniyi, O.; Rehman, R.; Dagogo-Jack, S. Hypoglycemia in Patients with Type 1 Diabetes: Epidemiology, Pathogenesis,
and Prevention. Curr. Diabetes Rep. 2013, 13, 669-678. [CrossRef] [PubMed]

4. Cryer, PE. Hypoglycemia in Type 1 Diabetes Mellitus. Endocrinol. Metab. Clin. N. Am. 2010, 39, 641-654. [CrossRef]

5. Gill, G.V,; Woodward, A.; Casson, L.E; Weston, P.J. Cardiac Arrhythmia and Nocturnal Hypoglycaemia in Type 1 Diabetes—The
“dead in Bed” Syndrome Revisited. Diabetologia 2009, 52, 42-45. [CrossRef]

6. Tu, E,; Twigg, S.M.; Semsarian, C. Sudden Death in Type 1 Diabetes: The Mystery of the ‘Dead in Bed” Syndrome. Int. J. Cardiol.
2010, 138, 91-93. [CrossRef]

7.  Hsieh, A.; Twigg, S.M. The Enigma of the Dead-in-Bed Syndrome: Challenges in Predicting and Preventing This Devastating
Complication of Type 1 Diabetes. . Diabetes Complicat. 2014, 28, 585-587. [CrossRef]

8. Woodward, A.; Weston, P.; Casson, LE; Gill, G.V. Nocturnal Hypoglycaemia in Type 1 Diabetes—Frequency and Predictive
Factors. QJM 2009, 102, 603-607. [CrossRef]

9.  Koltin, D.; Daneman, D. Dead-in-Bed Syndrome—A Diabetes Nightmare. Pediatric Diabetes 2008, 9, 504-507. [CrossRef]

10. Gagnum, V,; Stene, L.C.; Jenssen, T.G.; Berteussen, L.M.; Sandvik, L.; Joner, G.; Njolstad, P.R.; Skrivarhaug, T. Causes of Death in
Childhood-Onset Type 1 Diabetes: Long-Term Follow-Up. Diabet. Med. 2017, 34, 56-63. [CrossRef]

11.  Pop-Busui, R. Cardiac Autonomic Neuropathy in Diabetes: A Clinical Perspective. Diabetes Care 2010, 33, 434—441. [CrossRef]
[PubMed]

12.  Cichosz, S.L.; Frystyk, J.; Tarnow, L.; Fleischer, J. Are Changes in Heart Rate Variability During Hypoglycemia Confounded by the
Presence of Cardiovascular Autonomic Neuropathy in Patients with Diabetes? Diabetes Technol. Ther. 2017, 19, 91-95. [CrossRef]
[PubMed]

13. Rothberg, L].; Lees, T.; Clifton-Bligh, R.; Lal, S. Association Between Heart Rate Variability Measures and Blood Glucose Levels:
Implications for Noninvasive Glucose Monitoring for Diabetes. Diabetes Technol. Ther. 2016, 18, 366-376. [CrossRef] [PubMed]

14. Cichosz, S.L.; Henriksen, M.M.; Tarnow, L.; Thorsteinsson, B.; Pedersen-Bjergaard, U.; Fleischer, J. Validation of an Algorithm for
Predicting Hypoglycemia From Continuous Glucose Measurements and Heart Rate Variability Data. J. Diabetes Sci. Technol. 2019,
13,1178-1179. [CrossRef] [PubMed]

15. Salvi, E.; Bosoni, P; Tibollo, V.; Kruijver, L.; Calcaterra, V.; Sacchi, L.; Bellazzi, R.; Larizza, C. Patient-Generated Health Data
Integration and Advanced Analytics for Diabetes Management: The AID-GM Platform. Sensors 2020, 20, 128. [CrossRef]
[PubMed]

16. Monnier, L.; Colette, C.; Owens, D.R. The Application of Simple Metrics in the Assessment of Glycaemic Variability. Diabetes
Metab. 2018, 44, 313-319. [CrossRef]

17.  Los, E.; Wilt, A.S. Diabetes mellitus type 1 in children. In StatPearls; StatPearls Publishing: Treasure Island, FL, USA, 2020.

18.  Marks, A.; Wilson, V.; Crisp, J. The Management of Type 1 Diabetes in Primary School: Review of the Literature. Issues Compr.
Pediatric Nurs. 2013, 36, 98-119. [CrossRef]

19. Silver, B.; Ramaiya, K.; Andrew, S.B.; Fredrick, O.; Bajaj, S.; Kalra, S.; Charlotte, B.M.; Claudine, K.; Makhoba, A. EADSG

Guidelines: Insulin Therapy in Diabetes. Diabetes Ther. 2018, 9, 449—492. [CrossRef]


http://dx.doi.org/10.1007/s11892-016-0771-1
http://www.ncbi.nlm.nih.gov/pubmed/27515311
http://dx.doi.org/10.1185/03007995.2016.1163255
http://www.ncbi.nlm.nih.gov/pubmed/26959277
http://dx.doi.org/10.1007/s11892-013-0411-y
http://www.ncbi.nlm.nih.gov/pubmed/23912765
http://dx.doi.org/10.1016/j.ecl.2010.05.003
http://dx.doi.org/10.1007/s00125-008-1177-7
http://dx.doi.org/10.1016/j.ijcard.2008.06.021
http://dx.doi.org/10.1016/j.jdiacomp.2014.04.005
http://dx.doi.org/10.1093/qjmed/hcp082
http://dx.doi.org/10.1111/j.1399-5448.2008.00404.x
http://dx.doi.org/10.1111/dme.13114
http://dx.doi.org/10.2337/dc09-1294
http://www.ncbi.nlm.nih.gov/pubmed/20103559
http://dx.doi.org/10.1089/dia.2016.0342
http://www.ncbi.nlm.nih.gov/pubmed/28118049
http://dx.doi.org/10.1089/dia.2016.0010
http://www.ncbi.nlm.nih.gov/pubmed/27258123
http://dx.doi.org/10.1177/1932296819864625
http://www.ncbi.nlm.nih.gov/pubmed/31364406
http://dx.doi.org/10.3390/s20010128
http://www.ncbi.nlm.nih.gov/pubmed/31878195
http://dx.doi.org/10.1016/j.diabet.2018.02.008
http://dx.doi.org/10.3109/01460862.2013.782079
http://dx.doi.org/10.1007/s13300-018-0384-6

Metabolites 2021, 11,5 80f9

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.
44.

Mazarello Paes, V.; Barrett, ] K.; Taylor-Robinson, D.C.; Chesters, H.; Charalampopoulos, D.; Dunger, D.B.; Viner, R.M.; Stephen-
son, T.J. Effect of Early Glycemic Control on HbAlc Tracking and Development of Vascular Complications after 5 Years of
Childhood Onset Type 1 Diabetes: Systematic Review and Meta-Analysis. Pediatric Diabetes 2019, 20, 494-509. [CrossRef]
Subramanian, S.; Hirsch, I.B. Intensive Diabetes Treatment and Cardiovascular Outcomes in Type 1 Diabetes Mellitus: Implications
of the Diabetes Control and Complications Trial/Epidemiology of Diabetes Interventions and Complications Study 30-Year
Follow-Up. Endocrinol. Metab. Clin. N. Am. 2018, 47, 65-79. [CrossRef]

Patterson, C.C.; Karuranga, S.; Salpea, P; Saeedi, P.; Dahlquist, G.; Soltesz, G.; Ogle, G.D. Worldwide Estimates of Incidence,
Prevalence and Mortality of Type 1 Diabetes in Children and Adolescents: Results from the International Diabetes Federation
Diabetes Atlas, 9th Edition. Diabetes Res. Clin. Pract. 2019, 157, 107842. [CrossRef] [PubMed]

Evans-Cheung, T.C.; Bodansky, H.J.; Parslow, R.C.; Feltbower, R.G. Mortality and Acute Complications in Children and Young
Adults Diagnosed with Type 1 Diabetes in Yorkshire, UK: A Cohort Study. Diabet. Med. 2018, 35, 112-120. [CrossRef] [PubMed]
Morgan, E.; Cardwell, C.R.; Black, C.J.; McCance, D.R.; Patterson, C.C. Excess Mortality in Type 1 Diabetes Diagnosed in
Childhood and Adolescence: A Systematic Review of Population-Based Cohorts. Acta Diabetol. 2015, 52, 801-807. [CrossRef]
[PubMed]

Dahlquist, G.; Kéllén, B. Mortality in Childhood-Onset Type 1 Diabetes: A Population-Based Study. Diabetes Care 2005, 28,
2384-2387. [CrossRef] [PubMed]

McNally, P.G.; Lawrence, 1.G.; Panerai, R.B.; Weston, P.J.; Thurston, H. Sudden Death in Type 1 Diabetes. Diabetes Obes. Metab.
1999, 1, 151-158. [CrossRef]

Heller, S. Dead in Bed. Diabet. Med. 1999, 16, 782-785.

Harris, N.D.; Heller, S.R. Sudden Death in Young Patients with Type 1 Diabetes: A Consequence of Disease, Treatment or Both?
Diabet. Med. 1999, 16, 623—-625. [CrossRef]

Weston, PJ.; Gill, G.V. Is Undetected Autonomic Dysfunction Responsible for Sudden Death in Type 1 Diabetes Mellitus? The
‘Dead in Bed’” Syndrome Revisited. Diabet. Med. 1999, 16, 626—-631. [CrossRef]

Lawrence, I.G.; Weston, PJ.; Bennett, M.A.; McNally, P.G.; Burden, A.C.; Thurston, H. Is Impaired Baroreflex Sensitivity a Predictor
or Cause of Sudden Death in Insulin-Dependent Diabetes Mellitus? Diabet. Med. 1997, 14, 82-85. [CrossRef]

Heller, S.R. Abnormalities of the Electrocardiogram during Hypoglycaemia: The Cause of the Dead in Bed Syndrome? Int J. Clin.
Pract. Suppl. 2002, 129, 27-32.

Koivikko, M.L.; Kenttd, T.; Salmela, P.I.; Huikuri, H.V.; Perkiomaki, ].S. Changes in Cardiac Repolarisation during Spontaneous
Nocturnal Hypoglycaemia in Subjects with Type 1 Diabetes: A Preliminary Report. Acta Diabetol. 2017, 54, 251-256. [CrossRef]
[PubMed]

Reno, C.M.; Daphna-lken, D.; Chen, Y.S.; VanderWeele, J.; Jethi, K.; Fisher, S.]. Severe Hypoglycemia-Induced Lethal Cardiac
Arrhythmias Are Mediated by Sympathoadrenal Activation. Diabetes 2013, 62, 3570-3581. [CrossRef] [PubMed]

Due-Andersen, R.; Hoi-Hansen, T; Larroude, C.E.; Olsen, N.V.; Kanters, ].K.; Boomsma, F.; Pedersen-Bjergaard, U.; Thorsteinsson,
B. Cardiac Repolarization during Hypoglycaemia in Type 1 Diabetes: Impact of Basal Renin-Angiotensin System Activity.
Europace 2008, 10, 860-867. [CrossRef] [PubMed]

Bertachi, A.; Vifals, C.; Biagi, L.; Contreras, I.; Vehi, J.; Conget, I.; Giménez, M. Prediction of Nocturnal Hypoglycemia in Adults
with Type 1 Diabetes under Multiple Daily Injections Using Continuous Glucose Monitoring and Physical Activity Monitor.
Sensors 2020, 20, 1705. [CrossRef]

Resalat, N.; Hilts, W.; Youssef, ].E.; Tyler, N.; Castle, ].R.; Jacobs, P.G. Adaptive Control of an Artificial Pancreas Using Model
Identification, Adaptive Postprandial Insulin Delivery, and Heart Rate and Accelerometry as Control Inputs. |. Diabetes Sci. Technol.
2019, 13, 1044-1053. [CrossRef] [PubMed]

Mba, C.M.; Nganou-Gnindjio, C.-N.; Azabji-Kenfack, M.; Mfeukeu-Kuate, L.; Dehayem, M.Y.; Mbanya, ].C.; Sobngwi, E. Short
Term Optimization of Glycaemic Control Using Insulin Improves Sympatho-Vagal Tone Activities in Patients with Type 2
Diabetes. Diabetes Res. Clin. Pract. 2019, 157, 107875. [CrossRef] [PubMed]

Elvebakk, O.; Tronstad, C.; Birkeland, K.I.; Jenssen, T.G.; Bjergaas, M.R.; Gulseth, H.L.; Kalvey, H.; Hegetveit, ].O.; Martinsen,
@.G. A Multiparameter Model for Non-Invasive Detection of Hypoglycemia. Physiol. Meas. 2019, 40, 085004. [CrossRef]

Olde Bekkink, M.; Koeneman, M.; de Galan, B.E.; Bredie, S.J. Early Detection of Hypoglycemia in Type 1 Diabetes Using Heart
Rate Variability Measured by a Wearable Device. Diabetes Care 2019, 42, 689-692. [CrossRef]

Massa, G.G.; Gys, L; Op‘t Eyndt, A ; Bevilacqua, E.; Wijnands, A.; Declercq, P.; Zeevaert, R. Evaluation of the FreeStyle® Libre
Flash Glucose Monitoring System in Children and Adolescents with Type 1 Diabetes. HRP 2018, 89, 189-199. [CrossRef]
FreeStyle Libre 14-Day System | Glucose Sensor & Reader | FreeStyleLibre.us. Available online: https://www.freestylelibre.us/
(accessed on 25 October 2020).

Fitbit Official Site for Activity Trackers & More. Available online: https://www.fitbit.com/global /us/home (accessed on 25
October 2020).

Marshall, W.A.; Tanner, ].M. Variations in Pattern of Pubertal Changes in Girls. Arch. Dis. Child. 1969, 44, 291-303. [CrossRef]
Marshall, W.A.; Tanner, ].M. Variations in the Pattern of Pubertal Changes in Boys. Arch. Dis. Child. 1970, 45, 13-23. [CrossRef]
[PubMed]


http://dx.doi.org/10.1111/pedi.12850
http://dx.doi.org/10.1016/j.ecl.2017.10.012
http://dx.doi.org/10.1016/j.diabres.2019.107842
http://www.ncbi.nlm.nih.gov/pubmed/31518658
http://dx.doi.org/10.1111/dme.13544
http://www.ncbi.nlm.nih.gov/pubmed/29111600
http://dx.doi.org/10.1007/s00592-014-0702-z
http://www.ncbi.nlm.nih.gov/pubmed/25585594
http://dx.doi.org/10.2337/diacare.28.10.2384
http://www.ncbi.nlm.nih.gov/pubmed/16186267
http://dx.doi.org/10.1046/j.1463-1326.1999.00025.x
http://dx.doi.org/10.1046/j.1464-5491.1999.00046.x
http://dx.doi.org/10.1046/j.1464-5491.1999.00121.x
http://dx.doi.org/10.1002/(SICI)1096-9136(199701)14:1&lt;82::AID-DIA290&gt;3.0.CO;2-3
http://dx.doi.org/10.1007/s00592-016-0941-2
http://www.ncbi.nlm.nih.gov/pubmed/27933514
http://dx.doi.org/10.2337/db13-0216
http://www.ncbi.nlm.nih.gov/pubmed/23835337
http://dx.doi.org/10.1093/europace/eun137
http://www.ncbi.nlm.nih.gov/pubmed/18534966
http://dx.doi.org/10.3390/s20061705
http://dx.doi.org/10.1177/1932296819881467
http://www.ncbi.nlm.nih.gov/pubmed/31595784
http://dx.doi.org/10.1016/j.diabres.2019.107875
http://www.ncbi.nlm.nih.gov/pubmed/31586660
http://dx.doi.org/10.1088/1361-6579/ab3676
http://dx.doi.org/10.2337/dc18-1843
http://dx.doi.org/10.1159/000487361
https://www.freestylelibre.us/
https://www.fitbit.com/global/us/home
http://dx.doi.org/10.1136/adc.44.235.291
http://dx.doi.org/10.1136/adc.45.239.13
http://www.ncbi.nlm.nih.gov/pubmed/5440182

Metabolites 2021, 11,5 90f9

45.  Sacchi, L.; Capozzi, D.; Bellazzi, R.; Larizza, C. JTSA: An Open Source Framework for Time Series Abstractions. Comput. Methods
Programs Biomed. 2015, 121, 175-188. [CrossRef] [PubMed]

46. Wilcox.Test Function | R Documentation. Available online: https://www.rdocumentation.org/packages/stats/versions/3.6.2/
topics/wilcox.test/ (accessed on 25 October 2020).


http://dx.doi.org/10.1016/j.cmpb.2015.05.006
http://www.ncbi.nlm.nih.gov/pubmed/26120073
https://www.rdocumentation.org/packages/stats/versions/3.6.2/topics/wilcox.test/
https://www.rdocumentation.org/packages/stats/versions/3.6.2/topics/wilcox.test/

	Introduction 
	Results 
	Discussion 
	Materials and Methods 
	Subjects 
	Anthropometric and Clinical Assessment 
	Advanced Intelligent Distant—Glucose Monitoring (AID-GM) 
	Statistical Analysis 

	References

