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Abstract

Background: Analyzing continuous glucose monitoring (CGM) data is a mandatory step for multiple purposes spanning
from reporting clinical trial outcomes to developing new algorithms for diabetes management. This task is repetitive, and
scientists struggle in computing literature glucose control metrics and waste time in reproducing possibly complex plots and
reports. For this reason, to provide the diabetes technology community a unified tool, here we present Automated Glucose
dATa Analysis (AGATA), an automated glucose data analysis toolbox developed in MATLAB/Octave.

Methods: Automated Glucose dATa Analysis is an open-source software program to visualize and preprocess CGM data,
compute glucose control metrics, detect adverse events, evaluate the effectiveness of users’ prediction algorithms, and
compare study arms. Automated Glucose dATa Analysis can be used as a standalone computer application accessible through
a dedicated graphical user interface, particularly suitable for clinicians, or by integrating its functionalities in user-defined
MATLAB/Octave scripts, which fits the need of researchers and developers. To demonstrate its features, we used AGATA
to analyze CGM data of two subjects extracted from a publicly available data set of individuals with type one diabetes. Finally,
AGATA'’s features are compared against those of 12 noncommercial software programs for CGM data analysis.

Results: Using AGATA, we easily preprocessed, analyzed, and visualized CGM data in a handy way, in compliance with the
requirements and the standards defined in the literature. Compared to the other considered software programs, AGATA
offers more functionalities and capabilities.

Conclusion: Automated Glucose dATa Analysis is easy to use and reduces the burden of CGM data analysis. It is freely
available in GitHub at https://github.com/gcappon/agata.
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Introduction to remove outliers, then homogenized on a uniform time grid,
and eventually imputed to fill the missing portion of data. This
is clearly a delicate, repetitive, and time-consuming task that
needs to be standardized to make results comparable to those
of other works. Furthermore, even if well defined in the litera-
ture, several of those metrics are not trivial to calculate, and
coded implementations are not always officially available,
forcing data scientists to “reinvent the wheel” and possibly
introduce multiple errors.

In diabetes, analysis of glucose data collected via continuous
glucose monitoring (CGM) sensors represents a fundamental
step for a multitude of purposes, for example, evaluating the
efficacy of a certain treatment, assessing glucose control dur-
ing clinical trials, and adjusting the insulin therapy according
to specific glucose patterns just to mention a few.

This task usually involves computation of several well-
established metrics to quantify the overall glycemic control
(eg, percentage of time spent in specific glucose ranges, glu-
cose Variability’ estimated AIC), the occurrence of adverse 'Department of Information Engineering, University of Padova, Padova,
events (eg, number of hyperglycemic events per week, mean Italy
duration of hypoglycemia), and the users’ adherence to CGM .
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Another necessary task when dealing with CGM data
analysis regards their effective visualization. Indeed, multi-
ple plots (eg, the plot of CGM trace over the period of moni-
toring and the plot of distribution of daily CGM profiles
displayed as a single day) and reports (eg, the ambulatory
glucose profile [AGP] report), which are well established
both in the literature'? and in common clinical practice, must
be produced, forcing researchers and analysts to reproduce
them at their best with a clear waste of time and resources.

In this context, current commercially available analysis
and visualization tools that CGM devices are sold with (eg,
Dexcom Clarity System? [Dexcom Inc, San Diego, CA,
USA], Eversense Diabetes Management System* (Ascensia
Diabetes Care Holdings AG, NJ, USA), and Abbott
LibreView® (Abbott, IL, USA) compute just a limited subset
of CGM-derived metrics, and more importantly, they often
visualize CGM data without following the latest guidelines
for the scope.'?

To solve these issues and provide the diabetes technology
community with a unified comprehensive tool for these pur-
poses, we developed Automated Glucose dATa Analysis
(AGATA), a freely available open-source toolbox, written in
MATLAB/Octave, that allows investigators to ease, stan-
dardize, and speed up both the processing and the analysis of
CGM data.

Methods

Software Description

Automated Glucose dATa Analysis is developed in
MATLAB/Octave and aims to facilitate the analysis of glu-
cose data sets acquired through CGM. We decided to develop
AGATA in such a framework since it represents one of the
most popular and widely spread research/prototyping envi-
ronment adopted by the diabetes technology community.

Automated Glucose dATa Analysis is hosted in GitHub,
and it is freely available as an open-source software program
for download from https://github.com/gcappon/agata and
documented at https://gcappon.github.io/agata. The toolbox
is distributed under the GNU General Public License v3.°
Such setup allows users to identify and notify code issues,
ask for new functionalities, and contribute actively to its
development, making AGATA maintainable and robust. To
maximize the former, the toolbox supports continuous inte-
gration via ad-hoc test units to automatically detect major
bugs introduced by code variations.

Automated Glucose dATa Analysis can be used directly in
MATLAB/Octave, via either the usual command line or inte-
grated in dedicated user-defined MATLAB/Octave scripts, to
fit the needs of researchers/developers who want to incorpo-
rate its functionalities within their code. As an alternative,
AGATA is also available as a standalone application (com-
patible with Windows, MacOS, and Linux systems) that can
be used via a dedicated graphical user interface (GUI) for a

more user-friendly and immediate experience, which is par-
ticularly suitable for practitioners. Installers of AGATA’s
standalone version can be found in the remote folder https://
github.com/gcappon/agata/tree/master/standalone.

Leveraging the set of utilities described below in the
“AGATA’s features” section and depending on the specific
user’s needs, AGATA can be used to implement different
preprocessing and analysis pipelines including data reading
and preparation, data processing, data analysis, and data
visualization. This is exemplified in Figure 1, where it is pos-
sible to observe how each functionality matches a dedicated
panel in one of the window panels of the standalone version
of AGATA.

AGATA’s Features

As introduced, the toolbox implements a set of functions
to preprocess glucose data, compute glucose control met-
rics, detect glucose adverse events, and visualize results.
Moreover, AGATA includes several functions to calculate
common prediction error metrics between the original data
and predicted glucose profiles, run automatic analysis of a
given data set, and compare two study arms. Processed data
and the computed metrics resulting from their analysis can
be easily saved for further future analyses.

Below, we list the functionalities of AGATA, grouping
them by category. For additional details on AGATA’s func-
tions, as well as details on the required inputs and resulting
outputs, we refer the reader to the online documentation
available at https://gcappon.github.io/agata.

Data Reading and Preparation Utilities

All functions of AGATA require input CGM data to be in the
timetable format. The timetable format is a proprietary The
MATLAB/Octave format is used to represent timeseries data
in a tabular form (see https://it. mathworks.com/help/matlab/
timetables.html). 7Timetables store column-oriented data
variables and provide a set of dedicated robust time-specific
functions to align, combine, and perform calculations with
time-stamped data. As such, we selected timetable as an
input format of choice of AGATA as it represents the natural
handy solution to manage CGM timeseries. Therefore, as a
preliminary step, users are required to convert raw CGM
data (commonly stored in parallel timestamp-double vectors
in .mat MATLAB/Octave files or in .csv Excel files) to time-
table before using AGATA’s functionalities. To facilitate this
process, AGATA implements four utility functions to help
user comply with this constraint by converting to timetable
CGM data that are stored as parallel timestamp-double vec-
tors or raw CGM data in a .csv format downloaded from
three major diabetes management applications, including
Dexcom Clarity System,’ Eversense Diabetes Management
System,* and Abbott LibreView.
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Figure |. On the top, the processing pipeline that can be implemented with AGATA thanks to its functionalities. On the bottom left,
the home screen of AGATA’s standalone version, which allows to easily access specific interfaces to either analyze a single/multiple
glucose profiles or compare two groups of glucose profiles. On the bottom right, as representative use case, the dedicated GUI that

allows to analyze a single glucose profile.

Abbreviations: AGATA, Automated Glucose dATa Analysis; GUI, graphical user interface.

Preprocessing Ultilities

Automated Glucose dATa Analysis provides two utilities to
perform common preprocessing tasks: retiming CGM data
on a uniform time grid, and imputing missing values using
linear interpolation, which consists of replacing a specific
data gap with data obtained by interpolating the values
between the last and the next available glucose values that
delimit such portion of data. As a technical detail, to guaran-
tee that the imputation procedure will work correctly, data
must have been preliminarily retimed on a uniform time grid
with the dedicated preprocessing utility of AGATA.
Moreover, three functions are available to locate missing
data sequences, obtain the number of days the CGM was
worn, and to calculate the percentage of missing data that are
presented in the recorded trace. Finally, an additional func-
tion is available to detrend CGM data. It is important to
remark that detrending data affects the computation of CGM-
derived metrics, and therefore, such preprocessing must not
be applied to CGM data by default. Indeed, the use of the
detrending functionality has been implemented and inte-
grated into AGATA to provide to the final users with another
“tool in their belt” to process CGM data. To exemplify a pos-
sible application of this utility, when data are affected by a
systematic error due to CGM faults rather than an actual

trend in patients’ glycemia, users of AGATA might want to
apply the detrending utility to test and explore how CGM
metrics are affected. This allows the users of AGATA to eval-
uate if detrending CGM data is or is not worthy to be included
in their custom processing pipeline.

Data Analysis Utilities

Glucose control metrics. The toolbox provides six functions to
calculate glucose control metrics related to the percentage of
time spent in a specific glycemic zone, that is, hypoglyce-
mia, hyperglycemia (%T,;yper),> target range (%7T . rger)s
severe hypoglycemia, severe hyperglycemia, and tight target
range, as defined in the study by Battelino et al,! plus a sev-
enth function to compute the percentage of time spent in a
user-defined range.

Automated Glucose dATa Analysis also implements 34
functions to compute literature metrics used to quantify glu-
cose variability, that is, mean, median, standard deviation
(SD), interquartile range (IQR), coefficient of variation, glu-
cose range, J-index,” SD of glucose rate of change, area
between the glucose curve and zero, area between the glu-
cose trace and a user-defined value, continuous overall net
glycemic action index,® mean of daily difference,’ glucose
management indicator,'® glycemic risk index (GRI),!! SD of
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within-day means index,!> mean of within-day SD index,?
mean amplitude of glycemic excursion index (MAGE),"
positive MAGE," negative MAGE,'? excursion frequency
index,'® control variability glucose analysis (CVGA),'
blood glucose risk index," low blood glucose index,' high
blood glucose index,'> dynamic risk,'® average daily risk
range,!” hypoglycemic index,'® hyperglycemic index,'® index
of glucose control,'® M-value,!® glycemic risk assessment
diabetes equation score (GRADE),”® GRADE in euglyce-
mia,”> GRADE in hypoglycemia,®® and GRADE in
hyperglycemia.?’

Adverse event detection. Automated Glucose dATa Analysis
provides three utilities to detect and compute statistics of
hypoglycemic, hyperglycemic, and prolonged hypoglycemic
event occurrence as defined in the study by Battelino et al.!

Automatic data set analysis utilities. Two functions are imple-
mented to automatically analyze a single CGM profile and a
set of multiple CGM profiles (ie, a study arm). A third utility
is also available to compare two study arms and identify sta-
tistically meaningful differences across metric distributions.

Visualization utilities. The toolbox incorporates nine utilities
to generate literature-standard visual reports, including (1) a
standard plot of a CGM trace over multiple days, (2) a plot of
CGM trace over multiple days with superimposed aggre-
gated glucose values to facilitate the identification of mean-
ingful hyperglycemic and hypoglycemic events, (3) plot of a
CGM trace as a distribution of daily CGM profiles (median
and percentiles) displayed as a single day, (4) plot of
CVGA,'" (5) plot of GRIL'° (6) histogram of CGM rate of
change, (7) plot of CGM rate of change over the observation
period, (8) AGP report,' and (9) plot of Clarke Error Grid.?!

Moreover, five additional functions are available to gen-
erate plots to visually compare two CGM profiles or, in gen-
eral, two study arms, by aligning the data under comparison
on the same plot in a convenient and visually immediate
fashion.

Prediction error metrics. Finally, to facilitate the evaluation of
glucose prediction algorithms, six functions can be used to
compute the common prediction error metrics between the
original glucose profile and a given inferred glucose trace,
that is, root mean square error, coefficient of deviation, mean
absolute relative difference, Clarke’s Error Grid Analysis,?!
delay between traces, and the glucose root mean square
error.”> We would like to point out that commercially avail-
able CGM systems do not commonly provide inferred glu-
cose data profiles together with the actual recorded glucose
time-course. As such, there is no need to use these utilities to
analyze data collected by CGM systems per se. Nevertheless,
as glucose prediction techniques represent one on the most
popular categories of algorithms in the field of diabetes tech-
nology, we decided to still add these utilities to AGATA. In

particular, because the computation of these metrics is usu-
ally needed only by researchers and developers at the end of
the prediction algorithm development process, we decided to
provide these functions as MATLAB/Octave scripts only, as
it represents the easiest solution to let scientists integrate
AGATA in their custom scripts.

Results

Application of AGATA to a Representative
Use-Case

As a representative use-case, here we used AGATA to pro-
cess, analyze, and compare glucose data of two subjects
included in the Ohio Type | Diabetes Mellitus (T1DM) data
set,” a publicly available data set, which can be downloaded
upon request at http://smarthealth.cs.ohio.edu/OhioT1DM-
dataset.html, involving subjects with TIDM that was
released in 2020 to foster research on glucose prediction
algorithms. The study included 12 adult subjects monitored
for eight weeks collecting CGM measurements in parallel to
meal intakes, insulin infusions, physical activity recordings,
and other additional features of potential impact for the glu-
cose concentration, for example, galvanic skin response and
sleep reports. CGM data were collected.

Specifically, raw CGM data of subject Ohio544 and
Ohio596 have been extracted from the data set and converted
to the timetable format using the data reading and prepara-
tion utilities presented in the “Data reading and preparation
utilities” section. Then, we used AGATA to process raw data
by making CGM samples uniform on a homogeneous five-
minute sampling grid and imputing missing data gaps smaller
than 30 minutes. In particular, we chose to impute only data
gaps that are smaller than 30 minutes as this represents a
common imputation strategy performed in the literature.?*%
Furthermore, this choice allows to mitigate the introduction
of artifacts within data, which impacts the computation of
CGM-derived metrics. Indeed, performing interpolation on a
long portion of missing data hides not only the possible pres-
ence of both glucose peaks and nadirs but also critical
adverse events, inevitably affecting data analysis.

Processed data have been analyzed by computing the
abovementioned metrics of glucose control and adverse
event occurrence via the dedicated AGATA’s automatic anal-
ysis utility defined in the “Automatic data set analysis utili-
ties” section.

The obtained results, in terms of median and IQR, are
reported in Table 1 for both subjects. Focusing on the analy-
sis of hypoglycemia/hyperglycemia occurrence, it can be
observed that Ohio544 is worse controlled than Ohio596
showing a lower %T g (65.14% vs 74.08%) due to a
higher %T,;yppr- In Ohio544, the occurrence of hypoglyce-
mic events is lower than that in Ohio596 (2.07 events/week
vs 4.30 events/week), further indicating that the latter
is more prone to lower glycemic concentrations. Glucose
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Table I. Analysis Results of Subjects Ohio544 (in Blue) and Ohio596 (in Red).
%Tivpo (%) %Tvper (%) %Trarcer (%) %Tsvpo (%) % Tspivper (%) % T rrarcer (%)
1.33 33.52 65.14 0.12 8.50 31.67
2.06 23.85 74.08 0.19 3.57 38.96
Mean (mg/dL) Median (mg/dL) SD (mg/dL) IQR (mg/dL) CV (%) RANGE (mg/dL)
162.72 155.00 58.30 79.00 35.83 352.00
147.51 141.00 49.79 68.00 33.76 327.00
J-Index (-) SDgoc (mg/dL/min) AUC (mg?¥dL?) GMI (-) CONGA (mg/dL) MODD (mg/dL)
48.85 0.90 10686080.00 7.20 77.80 52.62
38.93 0.85 9902805.00 6.83 67.69 54.52
SDDM (mg/dL) SDW (mg/dL) MAGE (mg/dL) MAGE™" (mg/dL) MAGE™ (mg/dL) EF (-)
25.62 50.05 105.53 116.35 94.72 3.87
25.53 40.58 89.08 90.65 87.51 2.86
CVGA (-) BGRI (-) LBGI (-) HBGI (-) ADRR (-) GRI (%)
7200.00 7.85 0.51 7.34 35.09 36.89
6299.39 5.68 0.70 4.98 29.84 27.01
HYPO (-) HYPER (-) IGC (-) M-value (-) GRADE (-) GRADE (-)
0.03 0.84 0.87 19.61 8.76 32.93
0.07 0.45 0.51 12.62 6.91 43.15
GRADE, ;6 (-) GRADE, iz (<) Hypoglycemic events Hyperglycemic events Prolonged Mean hypoglycemic
0.81 66.26 per week per week hypoglycemic events event duration
1.85 55.00 (event/week) (event/week) per week (minutes)

2.07 16.85 (event/week) 51.56

4.30 12.65 0.00 35.71

0.00
Mean hyperglycemic Mean prolonged  Percentage of missing Number of monitoring
event duration hypoglycemic event data (%) days (days)
(minutes) duration (minutes) 15.55 54.00

169.23 0.00 18.21 57.00
155.49 0.00

Abbreviations: %T,, s, percentage of time spent in hypoglycemia; %T,,ypcq, Percentage of time spent in hyperglycemia; %7,z cer» Percentage of time
spent in the target range; %T,ypo, Percentage of time spent in severe hypoglycemia; %7, o, Percentage of time spent in severe hyperglycemia;

%Trrarcer Percentage of time spent in the tight target range; ADRR, average daily risk range; AUC, area between the glucose curve and zero; BGRI,
blood glucose risk index; CONGA, continuous overall net glycemic action; CVGA, control variability glucose analysis; EF, excursion frequency index;

GM], glucose management indicator; GRADE, glycemic risk assessment diabetes equation score; GRADE,

¢wr GRADE in euglycemia; GRADE, e, GRADE

in hyperglycemia; GRADE, .o, GRADE in hypoglycemia; HBGI, high blood glucose index; HYPER, hyperglycemic index; HYPO, hypoglycemic index; IGC,
index of glucose control; IQR, interquartile range; LBGI, low blood glucose index; MAGE, mean amplitude of glycemic excursion index; MAGE", negative
MAGE; MAGE™, positive MAGE; MODD, Mean of Daily Difference; RANGE, glucose range; SD, standard deviation; SDW, mean of within-day standard
deviation index; SDgq, SD of glucose rate of change. Refer to the online version of the article to view this table in color.

excursions are more pronounced in Ohio544 with SD and
MAGE being higher than 8.51 mg/dL and 16.45 mg/dL,
respectively. Finally, both subjects present more than 15% of
missing data (15.55% in Ohio544 and 18.21% in Ohio596).
Similar considerations can be made by analyzing the other
computed glucose control metrics reported in Table 1.

Figures 2 to 5 demonstrate how CGM data can be visual-
ized with AGATA.

e Figure 2 is composed of three plots (ie, plots I, II, and
VII defined in the “Visualization utilities” section)
that offer a detailed visualization of a week of data of
subject Ohio544. Figure 2a (plot I) shows CGM data
in solid black and highlights notable features in the
recorded trace, that is, hyperglycemic events in yel-
low, hypoglycemic events in red, and missing data in
shaded red. Similarly, Figure 2b (plot II) shows the
same CGM data but with superimposed aggregated

glucose values in hypoglycemia (in red), hyperglyce-
mia (in yellow), and euglycemia (in green) to facili-
tate their visualization. Finally, Figure 2c (plot VII)
reports in solid black the CGM rate of change for the
considered portion of data discriminating positive and
negative values.

Figure 3 is composed of four panels (ie, plots 111, IV, V,
and VI defined in the “Visualization utilities” section)
that show a summary visualization of Ohio544 CGM
data. They can be used in practice to visually analyze
the overall glucose control. Figure 3a (plot III) repre-
sents the glucose frequency distribution by time
regardless of date, where the black solid line is the
median glucose profile, the shaded blue zone is the
area between the 25th and the 75th glucose percentiles,
and the shaded light blue zone is the area enclosed
between the 5th and the 95th glucose percentiles.
Figure 3b (plot VI) summarizes via a histogram the
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Figure 2. Detailed visualization of a week of CGM data
extracted from a representative subject (Ohio544) obtained using
AGATA’s utilities. Panel (a) (plot I) shows with a black solid line
the CGM trace and highlights the hyperglycemic events with
yellow areas, the hypoglycemic events with red areas, and the
missing portion of data with shaded red areas. It also marks the
target glycemic range with a shaded gray shaded area delimited
by two green dashed lines. Panel (b) (plot Il) shows with a black
solid line the CGM trace and highlights, with superimposed
dots, aggregated glucose values in hyperglycemia (in yellow),
hypoglycemia (in red), and target (in green). It also highlights
missing portion of data with shaded red areas and marks the
target glycemic range with a shaded gray area delimited by two
green dashed lines. Panel (c) (plot VII) shows with a black solid
line the CGM rate of change. It also highlights positive values
with a gray shaded area and the missing portion of data with red
shaded areas.

Abbreviations: CGM, continuous glucose monitoring; AGATA,
Automated Glucose dATa Analysis.

distribution of CGM rate of change. Figure 3c (plot
IV) and 3d (plot V) are the CVGA and GRI plots as

defined in the studies by Magni et al'* and Bergenstal
et al,'” respectively.

e Figure 4 visualizes an AGP report (ie, plot VIII
defined in the “Visualization utilities” section) of the
last two weeks of data of Ohio544. In details, key
CGM statistics and the respective target values are
reported in the upper left panel. A breakdown analysis
of the percentage of time spent in the different glyce-
mic zones is shown in the upper right panel. The cen-
tral panel shows glucose frequency distribution (in
terms of median glucose profile and 5th, 25th, 75th,
and 95th glucose percentiles) by time regardless of
date. The bottom panel reports each daily profile,
from midnight to midnight, for the observation period,
where adverse events are highlighted in yellow
(hyperglycemia) and red (hypoglycemia).

e Figure 5 visually compares, through three panels (ie,
plots III, IV, and V defined in the “Visualization utili-
ties” section), the CGM data recorded in the two sub-
jects. In particular, Figure 5a (plot III) compares the
glucose frequency distribution by time regardless of
date, where data of Ohio544 are in blue, and those of
Ohio596 are in red. Figure 5b (plot IV) and 3d (plot
V) are the CVGA and GRI plots as defined in the stud-
ies by Magni etal'* and Bergenstal et al,'’ respec-
tively, where the black circles represent Ohio544, and
the gray diamonds are Ohio596.

Comparison of AGATA With Available Software
Packages and Tools for CGM Data Analysis

In the following paragraphs, we report the differences
and advantages of AGATA when compared with other
similar available software packages and tools for CGM
data analysis. Specifically, we evaluated the features of
AGATA against 12 similar noncommercial software pro-
grams identified in the literature by a recent review of
Piersanti etal,®® namely GlyCulator,”” Easy Glycemic
Variability,® Continuous Glucose Monitoring Graphical User
Interface for Diabetes Evaluation,”” Glycemic Variability
Analyzer Program,* Tidepool,’! CGManalyzer,*? cgmanaly-
sis,® GLU,* CGMStatsAnalyser,® iglu,*® rGV,’” and
cgmquantify.’®

Table 2 summarizes the results of such comparison in
terms of 12 main overall characteristics.

It can be appreciated that AGATA appears to be one of the
most complete software programs among the noncommer-
cial solutions. It provides a GUI (3/12 do not), being open
source (5/12 are not), supporting CGM data collected using
either mg/dL or mmol/L as the unit of measurement (9/12 do
not), providing the possibility of downloading the results of
the analysis and generating visual reports (2/12 do not),
being able to convert the units of measurements between mg/
dL and mmol/L (9/12 cannot), being constantly updated and
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Figure 3. Summary visualization of a week of CGM data extracted from a retrospective subject (Ohio544) obtained using AGATA’s
utilities. Panel (a) (plot lll) shows the daily glucose profile distribution resulting from the combination of every single daily profile. The
median daily profile is represented with a black bold line, while the shaded dark blue and the shaded light blue areas highlight the 25th
to 75th and the 5th to 95th percentiles, respectively. Panel (b) (plot IV) shows the distribution of CGM rate of change as an histogram
(in blue) and the respective fitted Gaussian distribution (in red). Panel (c) (plot V) shows the CVGA plot. Panel (d) (plot VI) shows the

GRI plot.

Abbreviations: CGM, continuous glucose monitoring; AGATA, Automated Glucose dATa Analysis; CVGA, control variability glucose analysis; GRI,

glycemic risk index; BG, blood glucose.

maintained (2/12 do not), and providing a toy example to
start with (3/12 do not). On the contrary, it can be observed
that, compared to AGATA, Tidepool excels in terms of sup-
ported devices and documentation quality, which also
includes a dedicated video tutorial to facilitate its usage
among new users.

Finally, we evaluated AGATA and the other competing
software programs in terms of implemented functional-
ities, that is, the preprocessing procedures, computable
metrics, and visualization utilities. Results, summarized
in Table 3, show that retiming on a homogeneous time
grid and imputing missing glucose values are commonly
possible also with the other available solutions. On the
contrary, none of the other software programs implement
a detrending utility as AGATA, while some of them allow
removal of outliers observed in the recorded CGM trace.
Considering the computable metrics, AGATA can calcu-
late more metrics than the other packages, including all
the key measures defined in the international consensus

for CGM data analysis and reporting by Battelino et al.!
Finally, focusing on the visualization utilities, AGATA
can generate up to nine different reports versus an average
of three using the other toolboxes. Specifically, it can be
observed that AGATA and Tidepool are the only available
software programs that integrate a routine to generate
AGP reports, which is the current standard reporting tool
for CGM data.

Conclusions

A lack of publicly available complete software packages
often forces researchers of the diabetes technology commu-
nity to “reinvent the wheel” even when standard analysis
tasks and (apparently) easily computable metrics and indices
must be calculated. In addition to wasting time and energies,
development of codes from scratch can open the possibility
to the introduction of errors and bugs. The proposed AGATA
software provides a viable and reliable set of functionalities,
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AGP Report fame OWiM
MRN 001
GLUCOSE STATISTICS AND TARGET TIME IN RANGES
21 Jun 2027 - 4 Jul 2027 14 days
% Time CGM is Active 88.08% [~ Very High (>250 mg/d) 4.7% (1h8min)
Glucose Ranges Targets [% of Readings (TimeDay)
" npet s High (181-250 mgian 27.1% (6h 31min)
Target Range 70-180 mg/dl......Greater than 70% (16h 48min)
Bolow 70 m/dl........ccconsiiniinnns Less than 4% (58min)
Below 54 mg/d............ccoune.. LOSS than 1% (14min)
Above 250 mg/dl...........cccrieriens Less than 5% (1h 12min)
Each 5% increase in Sme in range (70-180 mo/d) is cinically benefcial Target Range (70-180 mpia) 71.7% (17n 13min)
Average Glucose 153.58 mg/di
Glucose Management Indicator (GMI) 6.98% Low
(54-69 mg/d) 1.1%  (16min)
Glucose Variability 33.48% T Very Low (<54 moid) 0.0% (omn)

Defined as percent coefficient of vasiation (%CV); target < 36%.

AMBULATORY GLUCOSE PROFILE (AGP)
AGP s a summary of glucose values from the report poriod, with median (50%) and other percentiles shown as If occudrring in a singlo day
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Figure 4. AGP report (plot VIIl) of two weeks of data of a representative subject (Ohio 544). The upper panels report several CGM-
derived metrics together with their ideal target values. The middle panel combines the daily glucose profiles to make a 24-hour summary
of glucose data. The bottom panel reports each single daily glucose profile and highlights the presence of hyperglycemia (in yellow) and
hypoglycemia (in red).

Abbreviations: AGP, ambulatory glucose profile; CGM, continuous glucose monitoring; CV, coefficient of variation.



Cappon et al

117

g &

Glucose (mg/dl)
8

@
=]
=

Maximum BG

>
=

a0 70 <50

Minimum BG

ail 1
|gAM 3AM 6AM 9AM 12PM 3;M G;M 9PM 12AM
Time
(b) (c)
60 @ Zone A 0-20)

[_IZone B (21-40)
[_JZone C (41-60)
8 Zone D (51-80)
[ Zone E (81-100)

[+
Q

-
(=]

N
o

-
o

Hyperglycemia component (%)
w
(=]

(=}

0 5 10 15 20 25 30
Hypoglycemia component (%)

Figure 5. Comparison between CGM data of two representative subjects (Ohio544 and Ohio596) obtained using AGATA’s utilities.
Panel (a) (plot Ill) compares the daily glucose profile distributions highlighted in blue for Ohio544 and in red for Ohio596, in terms of
median, 25th to 75th percentile, and 5th to 95th percentile. Panels (b and c) compare the CVGA and GRI of the two subjects where
data of Ohio544 and Ohio596 are reported as black circles and gray diamonds, respectively.

Abbreviations: CGM, continuous glucose monitoring; AGATA, Automated Glucose dATa Analysis; CVGA, control variability glucose analysis; GRI,

glycemic risk index; BG, blood glucose.

to automate time-consuming and repetitive tasks involving
CGM data, such as running standard preprocessing algo-
rithms and computing literature glucose control metrics.
Furthermore, it offers a set of visualization utilities that can
be used to efficiently report and inspect CGM data through
plots that are well established in both the clinical and techno-
logical communities. AGATA can be easily integrated in the
custom script developed in MATLAB/Octave, one of the
most widely used environment for data science and system
development, especially in the diabetes technology commu-
nity. Compared to 12 noncommercial packages for CGM
data analysis, AGATA offers the possibility to compute more
literature CGM metrics and to report data using a large set of
visualization utilities. However, we saw that other software
programs, for example, Tidepool, best our toolbox in terms

of documentation quality and supported devices, which are
key aspects to maximize its widespread use.

In conclusion, using AGATA, it is possible to sensi-
tively reduce the burden of CGM data analysis and cut
down the time needed to run it. The fact that AGATA is
conceived as an open-source software program (in which
anyone can examine and enhance the original source code)
minimizes the risk of having results flawed because of pro-
gramming errors and magnifies the possibility of provid-
ing the community with new/updated time-series analysis
methodologies and technical functionalities much faster.
Future work will focus on furtherly refining the utilities of
AGATA to support a wider variety of devices, expanding
the set of implemented features, and improving the avail-
able documentation with dedicated video tutorials.
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Abbreviations

%T\yper» Percentage of time spent in hyperglycemia; %T.,per
percentage of time spent in the target range; AGATA, Automated
Glucose dATa Analysis; AGP, Ambulatory Glucose Profile; AGP,
ambulatory glucose profile; CGM, continuous glucose monitoring;
CVGA, control variability glucose analysis; EasyGV, Easy
Glycemic Variability; GRADE, glycemic risk assessment diabetes
equation score; GRI, glycemic risk index; IQR, interquartile range;
MAGE, mean amplitude of glycemic excursion index; SD, standard
deviation; SDDM, standard deviation of within-day means index;
T1DM, type one diabetes mellitus.
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