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(57) Abrégé/Abstract:

Method and means for postprandial blood glucose level prediction The invention relates to a method (100) for predicting blood
glucose levels, in particular for postprandial blood glucose level prediction, the method being computer-implemented and
comprising: receiving (101) a first medical data set of a patient covering a time range, said first medical data set comprising glucose
data and further other medical data of said patient, extracting (102) a second medical data set from said first medical data set,
wherein the second medical data set is a subset of the first medical data set and wherein the extracting comprises at least one of:
identifying (103) duplicates in the first medical data set and removing identified duplicates, identifying (104) data values that lie
above a predefined maximum threshold data value or identifying (105) data values that lie below a predefined minimum threshold
data value and removing data associated to said identified data values, identifying (106) data values that differ from predetermined
expected data values by more than a predetermined amount and removing data associated to said identified data values,
identifying (107) incomplete data for which data values are missing and removing identified incomplete data, identifying (108) at
least one predetermined time-dependent data pattern and removing data associated to said identified time-dependent data pattern,
providing (109) the extracted second medical data set as input to a blood glucose level prediction model, and predicting (110)
future blood glucose levels of the patient using the output of the blood glucose level prediction model based on the second medical
data set.
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Abstract:

Method and means for postprandial blood glucose level prediction The invention relates to a method
(100) for predicting blood glucose levels, in particular for postprandial blood glucose level
prediction, the method being computer-implemented and comprising: receiving (101) a first medical
data set of a patient covering a time range, said first medical data set comprising glucose data and
further other medical data of said patient, extracting (102) a second medical data set from said first
medical data set, wherein the second medical data set is a subset of the first medical data set and
wherein the extracting comprises at least one of: identifying (103) duplicates in the first medical data
set and removing identified duplicates, identifying (104) data values that lie above a predefined
maximum threshold data value or identifying (105) data values that lie below a predefined minimum
threshold data value and removing data associated to said identified data values, identifying (106)
data values that differ from predetermined expected data values by more than a predetermined
amount and removing data associated to said identified data values, identifying (107) incomplete
data for which data values are missing and removing identified incomplete data, identifying (108) at
least one predetermined time-dependent data pattern and removing data associated to said identified
time-dependent data pattern, providing (109) the extracted second medical data set as input to a
blood glucose level prediction model, and predicting (110) future blood glucose levels of the patient
using the output of the blood glucose level prediction model based on the second medical data set.
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Method and means for postprandial blood glucose level prediction

State of the art

The invention relates to a method and means for monitoring, controlling and predicting blood

glucose levels, in particular for postprandial blood glucose level prediction.

Patients with type 1 diabetes mellitus (T1DM) require insulin injections in order to mitigate the
long-term effects of a chronically increased blood glucose (BG) level. However, too much insulin
leads to hypoglycemia which is a potentially life threating situation. Managing BG levels by
injecting a suitable amount of insulin is a difficult task and a considerable burden for patients with
diabetes, especially since there is a large day-to-day variability of BG dynamics and a myriad of
factors that influence BG levels. Therefore, the design of smart control algorithms that help

patients with managing their BG levels has kept control engineers busy for many years already.

These research efforts have resulted in the design of numerous algorithms for assisting patients
with the control of their blood glucose levels, e.g. by warning patients about impeding
hypoglycemia or hyperglycemia, by giving insulin dosing advice via a decisions support systems,

or by providing closed-loop blood glucose control via an artificial pancreas.

Most of these algorithms rely at their core on a mathematical model for the prediction of future
BG levels. A whole variety of models has been proposed for this purpose. Typically these can be
categorized either as physiological models or patient-data-based models. Since they are far
easier to parametrize/personalize than physiological models, patient data-based models are a

focus of current research.

Unfortunately however, models for the prediction of future BG levels, such as physiological
models or patient-data-based models, have been found to be able to provide reliable and accurate
results for the prediction of future BG levels only under very specially limited and well-controlled
circumstances, such as, for example in clinical settings with a strict regimen of well-defined meal
intakes at well-defined times and with well-defined insulin administration dosages at well-defined

insulin injection times.

In more practical and realistic settings, i.e. during the daily routine in the real life of a patient
outside of any controlled clinical environment or outside of any medical practice environment, it
has been found very challenging to obtain robust and reliable predictions or estimates of future

BG levels of a patient using the patient-data-based model approach.

CA 03212878 2023-9-20



10

15

20

25

30

35

WO 2022/219042 PCT/EP2022/059871

Problem

It is therefore an objective of the present invention to provide a method and means for obtaining
more robust, more accurate and more reliable predictions of future blood glucose levels of a
patient. It is further an objective of the present invention to identify and to obtain more reliable
models for describing the overall behavior of the blood glucose levels when using a patient-data-
based model or physiological model approach.

In particular it is an objective to provide a method and means for obtaining more robust, more
accurate and more reliable predictions of future blood glucose levels of a patient when using a
patient-data-based model approach in the case of using medical patient data collected during the

daily routine of a patient outside of a controlled clinical setting.

It is further an objective of the present invention to provide the patient with improved means to
monitor, manage and control his blood glucose levels based on the obtained output of a patient-

data-based model for predicting future blood glucose levels.

Solution

According to the present invention, said objectives are achieved by a computer-implemented
method, a computer system, a computer-storage media and a medical device according to the

independent claims.

For example, a method for predicting future blood glucose levels, in particular for postprandial
blood glucose level prediction, can be a computer-implemented method and may comprise one,

some or all of the following exemplary possible steps:

e receiving a first medical data set of a patient covering a time range, said first medical

data set comprising glucose data and further other medical data of said patient,

e extracting a second medical data set from said first medical data, wherein the second
medical data is a subset of the first medical data set and wherein the extracting

comprises at least one of:

= identifying duplicates in the first medical data set and removing identified

duplicates,
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= jdentifying data values that lie above a predefined maximum threshold data value

and removing data associated to said identified data values,

= identifying data values that lie below a predefined minimum threshold data value

and removing data associated to said identified data values,

= identifying data values that differ from predetermined expected data values by
more than a predetermined amount and removing data associated to said

identified data values,

= identifying incomplete data for which data values are missing and removing

identified incomplete data,

= identifying at least one predetermined time-dependent data pattern and removing

data associated to said identified time-dependent data pattern,

e providing the extracted second medical data set as input to a blood glucose level

prediction model or a blood glucose level prediction model algorithm, and

¢ predicting future blood glucose levels of the patient using the output of the blood
glucose level prediction model or blood glucose level prediction model algorithm based

on the second medical data set.

Herein, a blood glucose level prediction model may in particular be understood as being a patient-

data-based blood glucose level prediction model or as a physiological prediction model.

Said exemplary glucose data of the first medical data set may originate from a glucose monitoring
system that is measuring/recording blood or interstitial fluid glucose values of a patient at regular
intervals or at scheduled times.

Herein the term glucose data may be understood as comprising glucose data measured in the
interstitial fluid of a patient and/or glucose data measured in the blood of a patient, i.e. blood
glucose data. The term glucose level may also be understood as comprising glucose levels of

glucose in interstitial fluids and/or glucose levels in blood, i.e. blood glucose levels.

The exemplary step of providing the extracted second medical data set as input to a blood glucose
level prediction model may inter alia comprise providing the extracted second medical data set
as a training data set to a blood glucose level prediction model algorithm, e.g. a neural network
algorithm, and training the blood glucose level prediction model algorithm with the extracted

second medical data set.
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For example, based on the extracted second medical data as a training data set, the blood
glucose level prediction model algorithm may be trained to identify the best blood glucose level
prediction model and/or to identify the best parameters and/or best parameter values of a/the

blood glucose level prediction model.

Herein, further other medical data may be understood as referring to data on meal intakes, e.g.
amount of carbohydrates of/from meal intake(s), data on medication, such as, for example, data
oninsulin injections or measured or recorded insulin levels, e g recorded number/amount of bolus
insulin injections or current insulin levels, heart rate, blood pressure, hormonal state / level of a
hormone, psychological state, oxygen saturation, other analyte data (i.e. further physiological
data other than glucose data / BG, for example, other blood analyte data such as hemoglobin

levels) or any other data of medical interest.

Herein the term medical data set covering a time range can inter alia be understood as a data set
that can be ordered in time such that each data entity or each data type, e.g. blood glucose level

or glucose level, can be associated to a point in time, e.g. can be marked with a time stamp.

A/the medical data set(s) can be in an exemplary electronic format, for example, the first and
second medical data set can be structured in a row-based table format, wherein each row or each
row index corresponds to a point in time and wherein each row comprises at least one entry for
the value of a particular medical data entity or type, e.g. glucose level value or blood glucose level
value and wherein each column represents a different or separate data entity or data type, e.g.
glucose level or blood glucose level, time, type of meal, amount of carbohydrates of a/the meal
intake, amount of a bolus insulin injection, level of a hormone or other data entities or data types

of medical interest.

However, it is also conceivable that the medical data set can also be structured in a column-

based format, wherein each column or each column index corresponds to a point in time.

The term data or medical data may inter alia be understood as comprising data entities and/or

data types and/or data values and/or data points.

The exemplary first medical data set may be a hybrid data set with data automatically retrieved

from medical sensors and with data manually inputted by a patient/user.

The term removing data may inter alia be understood as removing data from a/said first medical

data set including removing the data including any associated data values.

CA 03212878 2023-9-20



10

15

20

25

30

WO 2022/219042 PCT/EP2022/059871
5

The data format of said possible data entities or data types or data values can inter alia comprise
numeric types, e.g. floating point types or fixed point types or integer types, string or text types,
e.g. character or string, Boolean types, or other types, such as composite types, e.g. arrays,

vectors.

Herein the term extracting may also be understood as referring to selecting or generating or
filtering and the term identifying may also be understood as referring to checking for or looking

for or scanning for.

The exemplary step of identifying duplicates in the first medical data set and removing any
identified duplicates, may be understood as comprising the removal of all occurrences of the
identified duplicates, i.e. all data related to or associated with the identified duplicates may be
removed.

However, it is also possible that one unique occurrence / one unique entry of data of identified
duplicates is kept. For example, in case of the occurrence of two identical entries, e.g. two
identical rows, in the first medical data set, only one entry / one row is removed from the data set

and one entry / one row associated to the identified duplicate(s) is kept.

While it is conceivable that said exemplary first medical data set contains valid multiple identical
entries / valid duplicates, e.g. entries having the same data and with the same / identical data
values at different times, i.e. at/with different time indices, since for example the patient may eat
exactly the same meal at different times, suspicious or anomalous double-entries or duplicates
may be identified by checking whether such identical entries are recorded as having occurred
within a short time interval or even at the same time, e.g. having the same time stamp.

For example, in the case of multiple entries with equal values for the amount of carbohydrates
from a meal intake and/or in the case of multiple entries with equal values for the amount of
injected insulin, wherein such entries lie within / have been recorded within less than a
predetermined short time interval, e.g. within less than 5 minutes in time, said entries may be
marked as suspicious or anomalous during an exemplary step of identifying duplicates in the first
medical data set and may subsequently be removed from the said exemplary first medical data

set.

The exemplary step of identifying data values that lie above a predefined maximum threshold
data value can be based on a predefined maximum threshold data value derived from statistical

analysis of previously recorded medical data sets of the patient.
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For example, some data / data values of the first medical data set may indicate unrealistic high

amounts of carbohydrate intake(s) and/or unrealistic high amounts insulin inputs.

For example, carbohydrate and bolus insulin intakes with a value bigger/higher than a specific
threshold can be marked as suspicious in the data and can be removed from the first medical
data.

An exemplary maximum threshold data value, for example, can be calculated/defined as 1.5 times
the interquartile range above the 75% quartile (third quartile) of all carbohydrate and/or insulin

values of the specific patient, wherein the values may be retrieved from historic patient records.

This specific maximum threshold data value is exemplary only and other ranges/limits and/or
other data, e.g. heart rate or other analyte data, can be used to derive maximum threshold data

values on which basis data can be removed from the first medical data set.

In other words, a predefined maximum threshold data value can be based on determining the
interquartile range above the 75% quartile of all available data values of a specific data type

including any previously / historically recorded data values for a patient.

The exemplary step of identifying data values that lie below a predefined minimum threshold data
value can also be based on a predefined minimum threshold data value derived from statistical
analysis of previously recorded medical data sets of the patient. For example, an exemplary
minimum threshold data value can be calculated/defined as 1.5 times the interquartile range
below the 25% quartile (first quartile) of all carbohydrate and/or insulin values of the specific
patient and demanding that said exemplary minimum threshold data value is not negative, i.e. not
less than zero. Again, said minimum threshold data value is exemplary only and other
ranges/limits and/or other data, e.g. heart rate or other analyte data, can be used to derive
minimum threshold data values on which basis data can be removed from the first medical data

set.

In other words, a predefined minimum threshold data value can be based on determining the
interquartile range below the 25% quartile of all available data values of a specific data type

including any previously / historically recorded data values for a patient.
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It is inter alia also possible to set an exemplary predefined minimum threshold data value to be
zero, to exclude any negative data / negative data values that may indicate an error in the first

medical data set.

The exemplary step of identifying data values that differ from predetermined expected data values
by more than a predetermined amount and removing data associated to said identified data
values, may, for example, comprise checking for unrealistic/suspicious carbohydrate to insulin

ratios.

For example, a base for such a check for unrealistic/suspicious carbohydrate to insulin ratios can
be an estimate for the expected injected bolus insulin amount, Fl.peces , which can be computed

according to the following formula:

CHO AG
B[expected = W + ﬁ

(1)
Herein CHOis the carbohydrate content of a meal or amount of carbohydrates of a meal intake,
AG is the deviation of the glucose value or blood glucose value, BGecenm, measured/recorded by a
glucose monitoring system, e.g. by a continuous glucose monitoring system (CGM), from a
nominal target glucose value or blood glucose value, BGiarger, €.9. BGrarger S€t 10 110 mg/dl, i.e.

AG = BGegm — BGtarget-

For example, identifying data values that differ from predetermined expected data values by more
than a predetermined amount may comprise checking whether a recorded bolus insulin amount
differs from an expected bolus insulin amount by more than a predetermined amount, e.g. by
more than 10, 20 or 40%.

Herein, the term continuous glucose monitoring system (CGM) can be understood as referring to
a glucose monitoring system that is measuring/recording glucose values, e.g. blood glucose
values and/or interstitial glucose values, of a patient at regular intervals or at scheduled times,
wherein the frequency with which glucose levels of a patient can be measured/recorded can be
up to 12 measurements per hour, i.e. with a sampling time Tg of 5 minutes, or the frequency can

be higher, e.g. every minute or even with sampling times of less than a minute.

These measurements may, for example, be taken by a transcutaneous sensor that is implanted

in a patient as part of the glucose monitoring system.

CA 03212878 2023-9-20



WO 2022/219042 PCT/EP2022/059871

Furthermore, CIR is a/the patient specific carbohydrate-to-insulin-ratio value or factor that, for
example, has been set by the patient himself or with the assistance of a medical doctor and /SF
is a/the patient specific insulin sensitivity factor that also may, for example, have been set by the

patient himself or with the assistance of a medical doctor.

A patient may rely on said C/R and /SF values to compute their specific bolus insulin injection

needs.

The above exemplary defined expected bolus insulin amount B/.peceq depends on the two ratios
10 CHO/ CIR and AG/ISF. Anomalous deviations in either one of said ratios can be reflected in a

measured/recorded injected bolus insulin amount, 7/, value.

With the above identified exemplary parameters, data or data points or data subsets or data
segments of the first medical data set can be identified / marked as suspicious/anomalous when
15  the measured/recorded FK-value differs from a predetermined expected injected bolus insulin

amount or value by more than a predetermined amount or value.

For example, one could mark data or data points or data subsets or data segments of the first
medical data set for removal when the measured/recorded BFvalue differs by more than 10, 20

20 or 40% from the expected value Blopected.

For example, one could check if a measured/recorded Bivalue of the first medical data set is

outside the following bounds:

L- Blexpected <Bl<u- B[expected (2)

With /being a factor for setting the lower bound and with u being a factor for setting the upper
25 bound and with /< u Exemplary, / may be set to 0.6 and « may be set to 1.4 when demanding
that data with a measured/recorded F/-value that differ by more than 40% from the expected

value Bl.,.q.aShould be removed from the first medical data set.

The step of identifying incomplete data for which data values are missing and removing identified
30 incomplete data from the first medical data set, may inter alia comprise checking for a missing
time / missing time stamp of data and/or checking for a wrong data format, e.g. the occurrence of
a string of characters instead of an expected float or integer value and/or may comprise checking

for a missing data value for an expected data entity or data type.
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The step of identifying at least one predetermined time-dependent data pattern and removing
data associated to said identified time-dependent data pattern, may for example comprise

checking for any unexplainable or invalid rises or falls in certain data values over time.

In other words unexpected or unexplainable or invalid rises or falls in certain data values over
time may be considered as predetermined time-dependent data patterns or as anomalous

temporal signatures in a subset of the first medical data set.

For example, identifying/detecting an invalid rise in glucose levels or blood glucose levels in data
from a glucose monitoring system/device, such as for example data recorded/measured by a/the
continuous glucose monitoring system/device, CGM, that cannot be associated to a meal intake
(which itself also can be an indication of an incomplete data set / incomplete data entry) can be

detected/identified using the following exemplary computer-implementable method and criteria:

o Filtering the first medical data set, in particular the data on glucose levels or blood glucose
levels, e g. time-dependent data from a/the glucose monitoring system/device, using a filter,
e.g. using a Savitzky-Golay-Filter (SGF) with filter parameters d and w, wherein the filter
parameter drefers to a/the polynomial degree and wherein the filter parameter w refers to

a/the window size of the Savitzky-Golay-Filter.
Thereby a filtered time signal y(¢) of glucose levels or blood glucose levels can be obtained.
e Detecting all minima and maxima in the filtered signal y¢z).

o For each rising segment in the filtered signal y(z), e.g. for each minimum until the next

maximum in filtered signal y(%), the following steps can be carried out:

a) ldentifying the following points in time

— tmn: time where alocal minimum occurs in y(t)

— tmax: time where the next local maximum occurs in y(t) after t,,;,

— t1: time where y(¢), the first derivate of y(t), has the largest value in the interval
[mins tnax]

— t,: time where y(t), the second derivate of y(t), has the largest value in the
interval [t,,:n, tmas]

— tstare = tmin — AT, wherein AT is a time shift

— tepngq = tp + AT

CA 03212878 2023-9-20
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b) Determining Ay = y(tnaxr) — ¥(tmin), the difference in glucose levels / blood
glucose levels between the time of a local maximum and the time of a local

minimum.

c¢) Determining if the following condition

tend

Ay > Aymin /\}7(t1) > Ymin A Z C(t) = Crmin (3)

t=tstart
is satisfied, wherein c¢(t) denotes the corresponding data values for the amount of
carbohydrates from meal intakes at a given time, i.e. denotes a time-dependent
carbohydrates input signal, Ay,,;,, denotes a threshold for a minimum rise in
glucose levels / blood glucose levels and wherein y,,,;,, denotes a rate-of-change

threshold for the change in glucose levels / blood glucose levels.

If said condition is satisfied, then the time interval [t,,:,,. tmax] €AN be considered
an invalid rise in glucose levels or blood glucose (BG) levels and data or data
segments associated with that invalid rise can be marked as suspicious and can

be removed from the first medical data set.

Exemplary parameters and exemplary parameter values for the above exemplary described
possible steps of using a Savitzky-Golay-Filter (SGF) to identify a predetermined time-dependent
data pattern such as an anomalous or suspicious or invalid rise in glucose levels / blood glucose
(BG) levels are listed in the following table 1.
TABLE I
PARAMETERS OF ALGORITHM TO DETECT GLUCOSE / BG RISES W/O MEAL INPUT

Parameter Symbol Unit Value
SGF degree d 1 3
Window size of SGF w min 120
Rate-of-change threshold Vimin mg/dl/min 0.75
Threshold for min. glucose / BG rise AYpin mg/dl 30
Time shift AT min 30
Min. amount of carbs Crmin g 0

Besides the above exemplary described set of rules and criteria to detect incomplete or erroneous
or invalid data or data points or data segments, additionally, a check can be implemented to
identify data or data points or data segments in the first medical data set or in the second medical

data set that are particularly well suited as starting points or data segments to be inputted to a
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blood glucose level prediction model in order to facilitate identifying / determining the best blood

glucose level prediction model parameters / parameter values.

For example, a suitable valid starting point in the first medical data set or in the second medical
data set might be identified as a meal intake of a predetermined minimum amount of
carbohydrates, e.g. of at least 20 g of carbohydrates, with a simultaneous injection of an
appropriate amount of bolus insulin, e.g. an amount of bolus insulin that is not marked as invalid
or suspicious and that is, for example, in agreement with expected injection amounts of bolus

insulin, as described further above.

A suitable data segment on whose basis best-fit model parameter values of parameters of a blood
glucose level prediction model can be derived from may be defined by commencing with a valid
starting point and ending with a data point that is marked as suspicious or with a last data point
before a hole or a gap in the first medical data set, for example a gap longer than a predetermined
duration, e.g. longer than 30 minutes. In case the segment ends with a data point that is marked
as suspicious that data point can be removed and the last data point before said suspicious data

point can be used to mark the end of a data segment.

In addition, or alternatively, the end of a valid data segment may be defined by identifying a marker
for a next valid starting point or the end of a valid data segment can be defined by the lapse of a
predetermined time duration after the beginning of the data segment, e.g. 2 hours after the first

point of the data segment, whichever may occur first.

To further facilitate the use of data segments of the first medical data set or of the second medical
data set for identifying the best blood glucose level prediction model parameters / parameter
values, a minimum length / a minimum duration can be set for the identification/selection of data

segments of the first medical data.

For example, the step of providing the extracted second medical data set as input to a blood
glucose level prediction model data may comprise identifying in the second medical data set at
least one data segment, wherein a data segment is a subset of a plurality of data points of the

extracted second medical data set that covers at least a minimum time range.

For example, it can be defined / required that a data segment has to be at least 30 minutes long.
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The above-mentioned exemplary second medical data set may be derived from the first medical
data set by removing data from the first medical data set according to any of the above exemplary

described methods, criteria or rules.

In addition or alternatively, the above-mentioned exemplary second medical data set may be
derived from / generated from the first medical data set by extracting valid data segments from
the first medical data set according to any of the above exemplary described methods, criteria or

rules.

Furthermore, once a second medical data set has been derived from said first medical data set,
the second medical data set can be split up according to a predefined schedule, such as for
example, splitting the second medical data set into three different parts that are associated to

meal times such as breakfast, lunch and dinner times.

Following such an exemplary division of the second medical data set into different parts, each
part of the second medical data set can be provided as separate input to a blood glucose level
prediction model to derive model parameters for each different part, thereby better reflecting the
effect of the meal times on the prediction performance of the model to predict future blood glucose

levels.

For example, separate model parameter sets can be identified for breakfast, lunch and dinner
time. Breakfast models can, for example, be identified from data segments with a starting point
between 5:30 a.m. and 10:30 a.m., lunch models from those with a starting time between 10:30
a.m. and 2:30 p.m., and dinner models from those with a starting time between 5:00 p.m. and
9:00 p.m.

However such a splitting of the second medical data into different parts and the separate

modelling of the parts is optional.

Internal trials and tests have unexpectedly and surprisingly found that when pre-processing a first
medical data set according to any of the above exemplary described methods, criteria or rules to
derive a second medical data set, which is a subset of the first medical data set, and using said
derived second medical data set as input to a blood glucose level prediction model for predicting
future blood glucose levels of a patient, in particular for the postprandial blood glucose level
prediction of a patient, the robustness, performance, reliability and accuracy of the prediction of

future blood glucose levels is improved to unprecedented quality levels.
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This further advantageously enables the provision of more accurate and more relevant warnings
to patients with respect to critical blood glucose levels and enables the provision of more accurate
recommendations for administering appropriate dosages of insulin, on whose basis for example

5 insulin pumps can be controlled.

Furthermore, it has been found that when pre-processing a first medical data set according to any
of the above exemplary described methods, criteria or rules to derive a second medical data set,
which is a subset of the first medical data set, said second medical data set facilitates significantly
10  the identification of the best blood glucose level prediction model and the identification of its best
model parameters. Being able to easier identify the best blood glucose level prediction model(s)
not only improves the results for predicting future glucose levels of a patient, but also improves
the results for modelling the overall behavior or overall trajectory of the evolution of glucose levels
of a patient.
15
To further aid in some technical aspects of the present invention a possible exemplary blood
glucose level prediction model is described below which can be used to predict future blood

glucose levels of patient on the basis of the above-described second medical data set.

20 For example, a suitable patient-data-based blood glucose level prediction model is the
Kirchsteiger model (denoted with PM1) that describes the blood glucose response to
carbohydrate intakes, as well as to bolus insulin injections, and that can be expressed with the

following formula:

Kz
D)+ 7o U (4)

BGeam(s) = (1 4+ sT,)?%s )

1
(1 4+ sTy)?s

25 In this formula, BGcgm(s), which also can be denoted with CGM (s), describes the glucose level(s)
/ blood glucose level(s) measured/recorded via a continuous glucose monitoring (CGM) system,
D(s) the carbohydrates of meal intakes and U(s) the bolus insulin injections, all in the Laplace
domain parametrized by the complex frequency s wherein, the transformation from the time

domain zinto the Laplace domain s can be described by the following Laplace transformation

30  F(s) =[] f(t)e stat.

Other influencing inputs like basal insulin, stress, sports, mixed meal composition, etc. are not

incorporated into this model structure.
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The parameters in equation (4) have an easy to grasp physiological interpretation: Whereas K,
describes the effect of 1 gram of carbohydrates on glucose levels, K, corresponds to the effect of
1 IU of bolus insulin (both for time t — o). Time constants T, and T, are proportional to the

response time to carbohydrate and insulin inputs.

In the Kirchsteiger model according to equation (4), carbohydrate and insulin inputs are assumed
to have a persistent effect on glucose levels, which is caused by the fact that both transfer
functions contain an integrator term (pole at s = 0). Such a behavior is strictly speaking not
physiological, but has some parallels with the simple heuristics of Advanced Carbohydrate
Counting (ACC) used for calculating meal bolus insulin needs. Parameter K, has the same
interpretation as the insulin sensitivity factor ISF, whereas the ratio K, /K, tells how many grams
of carbs are compensated by 1 IU, just as it is the case for the carbohydrate-to-insulin ratio CIR
in ACC.

To identify the best-fit model parameters / parameter values of a chosen patient-data-based blood
glucose level prediction model, such as the Kirchsteiger model described above, the second
medical data set can be inputted in said patient-data-based blood glucose level prediction model
and the best-fit model parameters / parameter values can be determined by minimizing a cost

function.

A possible suitable exemplary cost function to optimize / minimize in order to determine the best-
fit model parameters of a blood glucose level prediction model, such as the above described
Kirchsteiger model, is the following exemplary cost function J(9):

Aot [/ kn(d)

1@ =21 D fOrs®) (5)

d=1 \k=ko(d)
with

Ve — V.(0) if vy, < 100 mg/dl
f(yk;yk(e)) = 100 Yk — 9, (6)
Yk

il yx = 100 mg/dl ©)

In this cost function v, corresponds to the measured output of a glucose monitoring system such

as a continuous glucose monitoring system, i.e. y, corresponds to the glucose data / blood
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glucose level data / blood glucose values BGeom and ., denotes the output of the chosen blood

glucose level prediction model, e.g. the Kirchsteiger model.

Furthermore, d denotes a data segment, for example, a data segment from the second medical
data set that was identified from a/the first medical data set as described above. Stated differently,
a data segment can be understood as a subset of a/the first medical data set, wherein the data
of the data segment have been extracted/selected/filtered from a/the first medical data set

according to one or more criteria and/or rules described above.

The total number of data segments is denoted with d,;, i.e. there are 1...d,,; data segments. For
easier readability of the expression of the cost function, the index for the data segments has been
intentionally omitted in the above-described definition of the cost function J(6). However, it is to
be understood that d can have its own index, e.g. d.,, withm =1,... d;..

Each data segment d can further be characterized by a starting index k, and an end index ky,
i.e. the index k£ can be used to index individual data points / individual data within a given data

segment d.

The vector ¢ describes the model parameters, i.e. in the exemplary case of the Kirchsteiger

model, said model vector 8 may depend on the parameters K;, K,, T, and T,.

The model output ¥, can be computed using the model parameters 6 and an estimate of the initial

state %;.

This initial state estimate may correspond to the state of the model at the start k, of a data
segment and may correspond to the best estimate of the glucose level value at the start of a data

segment. Said initial state estimate can be estimated/derived/determined for each data segment.

As will be exemplary described further below, said initial state estimate may, for example, be

derived by using a Kalman filter and/or by using an autoregressive approach.

For each data segment of a patient the same model parameter vector 8 can be used.

The minimization of this exemplary cost function can be inter alia performed using either a brute-

force search algorithm over a grid of model parameter vector 6 values or can be performed by

local gradient search algorithms, e.g. a simplex algorithm, or by global optimization algorithms,
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e.g. genetic algorithms, simulated annealing algorithms, Markov chain Monte Carlo algorithms or

other techniques.

The derived best-fit model parameters 96,,,; may then be used to predict future blood glucose

levels of a/the patient, in particular to predict postprandial blood glucose levels of a/the patient.

In particular, the derived best-fit model parameters 6,.., may then, for example, be used together
with further information from data from the second medical data set, such as meal size and/or

injected bolus quantity to simulate the postprandial future glucose trajectory of a/the patient.

As indicated above, it has been found that using a blood glucose level prediction model such as
the one exemplary described above on a medical data set, i.e. on a/the second medical data set
described above, that was extracted/selected/generated from a first medical data set as described
above, yields unprecedented robust, reliable and accurate predictions of future blood glucose
levels of a/the patient that are superior to any current known prediction techniques.

Optionally, the application of the above described blood glucose level prediction model may be

further refined by using a Kalman filter to estimate an initial state of the model.

For example, a Kalman filter can be used to estimate the state of the model before the starting
point of a (first) data segment, e.g. 6 hours before the starting point of a (first) data segment, and
to compute estimates for the state for each of those time points up to the start of a first data
segment 4.

The last estimate of £ (just at the start of the identification data segment) may then correspond to

the initial state x, of the blood glucose level prediction model.

The model inside the Kalman filter (derived from the model with parameters 8) can be updated in
every iteration step of the optimization using the latest estimate of the model parameters 9, i.e.
the model used for the prediction and the (same) model used inside the Kalman filter can be

optimized simultaneously.

A new Kalman filter can be instantiated and applied in each iteration step and can be used to
compute the state estimates :?(tko) at each time ¢, based on input (d, u) and output (Ay =y —
G,) data up to time ¢, , wherein G, can be an estimate of the patient's basal glucose level, wherein

u is the input in the time domain.
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Using the estimated state f(tko) at time ¢, as initial condition, a simulation with the process

model k steps into the future can be computed (Vsimz (tx, ))-

A prediction for time ¢, + kTs (with Tg being the sampling time) can thus, for example, be

calculated as:

)A’(tko + kTS|tk0) = ysim,k(tko) + Gp (7)

The combination of the exemplary Kirchsteiger model (PM1) and the exemplary Kalman filter (KF)
may also be referred to as KF-PM1.

In case of not using a Kalman filter, i.e. in case of just using the basic Kirchsteiger model (PM1),
said equation (8) may also be used for a prediction of future glucose levels by setting the

estimated state £(¢,_ ) at time ¢, to zero.

Alternatively, a hybrid approach may be adopted, wherein the initial state £, may be assumed to
be zero for the model (i.e. no impact of the initial state on the model output), but the effect of the

initial state may be captured by an autoregressive (AR) model instead.

The predicted glucose output of this exemplary hybrid model approach may correspond to the
sum of the chosen blood glucose level prediction model prediction(s) and the prediction(s) by the
AR model.

A population mean AR model with parameter values identified from data during the night period

(i.e. without any influence of meals) may be used for this purpose.

Let Par(tx, + kTs|ty,) be the prediction of time ¢, + kTg given information from up to time ¢, .

The combined model output for the predicted glucose trajectory may then be calculated according

to the following equation:

y(tko + kTS|tk0) = Ysimk (tko) + ?AR(tko =+ kTS|tkO) ©)

where ysim_k(tko) is the output of the blood glucose level prediction model simulated with the

assumption of £, = x(t,, ) = 0 as initial condition.
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The combination of the exemplary Kirchsteiger model (PM1) and the exemplary autoregressive

model (AR) may also be referred to as the AR-PM1 approach.

While a blood glucose level prediction model based on the Kirchsteiger model when used on the

5 second medical data set already provides very satisfying performance results, it is also possible,
as previously indicated, that the second medical data set may be provided as input also to other
blood glucose level prediction models, not only to the exemplary models PM1 or its variants, KF-
PM1 or AR-PM1.

10 Furthermore, in addition or alternatively to the above-described steps to identify the best model
and/or best model parameter and/or best model parameter values, it is also possible to use a
neural network algorithm or a similar algorithm that was trained on an exemplary extracted second
medical data in order to identify the best blood glucose level prediction model and/or the best

model parameters and/or best model parameter values.

15
For completeness, the following further possible examples for other blood glucose level prediction
models that can be used are exemplary described in the following. It is also possible to feed the
second medical data set to a plurality of different blood glucose level prediction models at the
same time in order to compare, gauge and calibrate their relative performances.
20
e Zero Order Hold: The zero order hold (ZOH) model computes the prediction ¥ at time t +
kT based on the BGcom data y up to time t by keeping the latest available value constant,
ie.
I +kT) = y(O). (10)
25 o Global AR Model: A simple, second order global autoregressive AR model of the form
APar(t + k1) = a,Ay(t) + beAy(t — Ts) (11)
Ay(t) = y(t) — Gp (12)
Var(€ + KT) = APar (L + KT) + Gy (13)

can be used (where G, is again the patient-specific estimate of the basal glucose level). The
parameters (a,, b,) are optimized using least squares (LS) optimization for each prediction

horizon k.
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It should be noted that even though the structure of the global AR model used for this purpose
can be identical to that inside the hybrid AR-PM1 approach described above, the model

parameters may differ.

Whereas the AR model inside the AR-PM1 context is identified only from data during the night,
the global AR model used as a baseline can be based on data from the entire 24-hour period of

each day.

o Alternative Model Structure: To put the prediction performance of the PM1 model into

context, additionally, an alternative model structure without integrator terms is analyzed:

Ky K,

Blcom(®) = 7smz PO Y T xsm2

-U(s) (14)

This alternative model may be referred to as PM2 and may be also implemented using a Kalman
filter or with using an autoregressive (AR) model in which case said variants may be referred to
as KF-PM2 or AR-PM2.

No matter which blood glucose level prediction model is chosen to obtain future blood glucose
levels of a/the patient based on the second medical data set, an obtained prediction of future
blood glucose levels can be displayed to a patient, for example on a display of a glucose
monitoring system or on the display of a computing device, e.g. a smartphone or personal

computer.

Furthermore, it is possible that based on an obtained prediction of future blood glucose levels, a

recommended dosage of insulin to be administered is displayed to a patient.

In addition, it is possible that based on an obtained prediction of future blood glucose levels, a

recommended dosage of insulin is automatically administered via automatic control of an insulin

pump.

In other words, the present invention facilitates the monitoring, predicting and controlling of blood
glucose levels of a/the patient and also facilitates the control of administering appropriate dosages
of insulin in a reliable and accurate manner.
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All of the herein described method steps for predicting blood glucose levels are computer-
implementable, i.e. they can for example be executed by a computing system comprising a

computer memory, one or more processors and optionally a display.

A computing system can, for example, be one of the following types: a computer server, a

personal computer or a mobile computing system, e.g. a smartphone, tablet or laptop.

Furthermore, the present invention can be implemented as a glucose monitoring system
comprising a sensor for obtaining glucose data / blood glucose data of patient, a computer
memory, one or more processors and a display, wherein the computer memory of the glucose
monitoring system may comprise computer-executable instructions which, when executed by the
one or more processors of the glucose monitoring system, cause the one or more processors to

perform one, some or all of the herein described steps for predicting blood glucose levels.

Said exemplary glucose monitoring system may further comprise an insulin pump and the glucose
monitoring system can further be configured to control the insulin pump, in particular for controlling

the dosage of insulin that can be administered by the insulin pump.

The exemplary glucose monitoring system may also be configured to determine a recommended
dosage of insulin to be administered based on an obtained prediction of future blood glucose

levels.

Furthermore, the above and in the following described computer-implementable method steps
may be stored on one or more computer-storage media, e.g. non-volatile computer-storage
media, storing computer-executable instructions that, when executed by a computer system, can
perform a method according to either one, some or all of the above and in the following exemplary

described method steps for predicting blocd glucose levels.

The following figures merely serve to illustrate the following technical aspects.

Fig. 1. Exemplary flow diagram for predicting blood glucose levels
Fig. 2. Exemplary filtered blood glucose data / exemplary filtered glucose data

Fig. 3: Exemplary prediction of postprandial blood glucose levels

Fig. 1 schematically shows exemplary possible steps of a computer-implementable method, 100,

for predicting blood glucose levels, in particular for postprandial blood glucose level prediction.
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Therein an exemplary first medical data set of a patient covering a time range can be retrieved or

received, 101, for processing.

Said exemplary first medical data set comprising blood glucose data and further other medical

data of said patient.

For example, the blood glucose data may originate from / may be received from / may be retrieved
from a sensor of a glucose monitoring system and the other medical data may comprise at least
one of the following: data on meal intakes, e.g. amount of carbohydrates from meal intakes, or
data on medication, e.g. data on insulin injections or measured insulin levels, and/or other analyte
data, wherein said exemplary other analyte data or insulin data may also originate from a medical

sensor.

Alternatively or in addition, a patient can himself input data, e.g. data on meal intakes, e.g. amount

of carbohydrates from meal intakes, or data on medication, blood glucose levels or insulin levels.

In other words, the first medical data set may be a hybrid data set with data automatically retrieved

from medical sensors and with data manually inputted by a patient/user.

In order to generate a second medical data set, said exemplary second medical data set may be
extracted, 102, from the exemplary first medical data set on the basis of at least one of the

following rules or criteria:

o identifying, 103, duplicates in the first medical data set and removing identified duplicates,

and/or
» identifying, 104, data values that lie above a predefined maximum threshold data value, or

» identifying, 105, data values that lie below a predefined minimum threshold data value and

removing data associated to said identified data values, and/or

« identifying, 106, data values that differ from predetermined expected data values by more
than a predetermined amount and removing data associated to said identified data values,

and/or

o identifying, 107, incomplete data for which data values are missing and removing identified

incomplete data, and/or

e identifying, 108, at least one predetermined time-dependent data pattern and removing data

associated to said identified time-dependent data pattern.
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The exemplary second medical data set generated / extracted from the first medical data set can
then automatically be fed into / provided to / inputted, 109, to a blood glucose level prediction

model.

Any of the above described or other blood glucose level prediction models can be used with the

extracted second medical data set.

Based on the output of the blood glucose level prediction model on the basis of the second
medical data set, future blood glucose levels of the patient, in particular, postprandial blood
glucose levels of the patient, can be predicted, 110, with unprecedented accuracy and

robustness.

Fig. 2 schematically shows an exemplary filtered blood glucose data signal y(t), 200, that was
obtained from filtering data 201 on (raw, unfiltered) blood glucose levels, e.g. time-dependent
data BGcewm (t) from a glucose monitoring system, using a filter, e.g. using a Savitzky-Golay-Filter

(SGF) as described above and with the exemplary parameters of table 1.

Therein, the reference numeral 203 marks the ordinate axis of exemplary glucose values or blood

glucose values, BG, and the reference numeral 202 marks the abscissa axis of exemplary time t.

As described earlier, an exemplary identifying/detecting of an invalid rise in blood glucose levels
in data from a glucose monitoring system, such as for example data recorded/measured by a
continuous glucose monitoring system, CGM, that cannot be associated to a meal intake (which
itself also can be an indication of an incomplete data set / incomplete data entry) can be

detected/identified using the following exemplary computer-implementable method and criteria:

e Detecting all minima and maxima in the filtered signal y¢%), 200. Here the exemplary

depicted signal 200 has two maxima and one minimum.

e For each rising segment in the filtered signal y(z), e.g. for each minimum until the next

maximum in filtered signal y(z), the following steps can be carried out:

a) ldentifying the following points in time
— tnin: time, 207, where a local minimum occurs in y(t)
— tmax: time, 206, where the next local maximum occurs in y(t) after t,,;,
— t;: time, 208, where y(t), the first derivate of y(t), has the largest value in the

interval [tmin; tmax]
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— t,:time, 209, where ¥ (t), the second derivate of y(t), has the largest value in the
interval [¢,:0, tinax)

— tstarts 204 Cgtart = tmin — AT, wherein AT, 211, is a time shift

— tends 205, teng =ty + AT

b) Determining Ay, 210: Ay = y(tmax) — ¥(tmin), the difference in glucose levels /
blood glucose levels between the time of a local maximum and the time of a local

minimum.

c¢) Determining if the following condition

Lend

Ay > Aymin /\y(tl) > Ymin A z C(t) = Cmin

t=tstart
is satisfied, wherein ¢(t) denotes the corresponding data values for the amount of
carbohydrates from meal intakes at a given time, i.e. denotes a time-dependent
carbohydrates input signal, Ay,,;,, denotes a threshold for a minimum rise in
glucose levels / blood glucose levels and wherein y,,,;,, denotes a rate-of-change

threshold for the change in glucose levels / blood glucose levels.

If said condition is satisfied, then the time interval [£,,,;,,, tmaxl, 212, can be considered an invalid
rise in glucose levels / blood glucose (BG) levels and data or data segments associated with that

invalid rise can be marked as suspicious and can be removed from the first medical data set.

Identifying such an exemplary invalid rise in glucose levels / blood glucose (BG) levels is an
example for identifying a predetermined time-dependent data pattern so that data associated to

said identified time-dependent data pattern can be removed from first medical data set.

Fig. 3 schematically exemplary shows glucose data / blood glucose data BGcam (), 304 of a

patient, wherein the data may have been retrieved from a continuous glucose monitoring system.

The shown glucose data / blood glucose data, 304, may be glucose data / blood glucose data
from an exemplary second medical data set, i.e. glucose data / blood glucose data that was
extracted from a first medical data set according to at least one of the steps, rules or criteria

described above.
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Analog to the previous figure, the reference numeral 303 marks the ordinate axis of exemplary
blood glucose values, BG, and the reference numeral 302 marks the abscissa axis of exemplary

time t£.

The star symbol marks an event, 307, on the time line, such as a meal intake and/or an intake of

medication, such as a bolus insulin intake.

For example, the event 307 may represent a breakfast meal event of the patient. Furthermore,
there are shown two prediction trajectories for the prediction of postprandial blood glucose levels
from two different blood glucose level prediction models based on said exemplary second medical

data set.

Therein, the reference numeral 305 denotes a prediction of postprandial blood glucose levels
based on providing the second medical data set to a blood glucose level prediction model based
on the Kirchsteiger model with applied Kalman filter, i.e. a KF-PM1 model and the reference
numeral 306 denotes a prediction of postprandial blood glucose levels based on providing the
second medical data set to a blood glucose level prediction model based on the Kirchsteiger

model in combination with an autoregressive model, i.e. an AR-PM1 model.

As described exemplary above, the second medical data set can be fed to a blood glucose level
prediction model, whose model parameters can be optimized, e.g. by minimizing a cost function,
to derive the best-fit model parameters that best fit the data and that allow a prediction of future

blood glucose levels of the patient.
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CLAIMS

A method (100) for predicting blood glucose levels, in particular for postprandial blood glucose

level prediction, the method being computer-implemented and comprising:

receiving (101) a first medical data set of a patient covering a time range, said first medical

data set comprising glucose data and further other medical data of said patient,

extracting (102) a second medical data set from said first medical data, wherein the second
medical data setis a subset of the first medical data set and wherein the extracting comprises

at least one of:
identifying (103) duplicates in the first medical data set and removing identified duplicates,

identifying (104) data values that lie above a predefined maximum threshold data value or
identifying (105) data values that lie below a predefined minimum threshold data value

and removing data associated to said identified data values,

identifying (106) data values that differ from predetermined expected data values by more

than a predetermined amount and removing data associated to said identified data values,

identifying (107) incomplete data for which data values are missing and removing identified

incomplete data,

identifying (108) at least one predetermined time-dependent data pattern and removing

data associated to said identified time-dependent data pattern,

providing (109) the extracted second medical data set as input to a blood glucose level
prediction model, and

predicting (110) future blood glucose levels of the patient using the output of the blood glucose

level prediction model based on the second medical data set.

2. The method (100) according to the preceding claim, wherein the further other medical data of

said patient comprises at least one of the following: data on meal intakes, e.g. amount of
carbohydrates from meal intakes, or data on medication, e.g. data on insulin injections, and/or

other analyte data.
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The method (100) according to one of the preceding claims, wherein identifying duplicates in
the first medical data set is based on checking whether the duplicates lie within less than a

predetermined short time interval, e.g. within less than 5 minutes in time.

The method (100) according to one of the preceding claims, wherein identifying data values
that lie above a predefined maximum threshold data value is based on a predefined maximum
threshold data value derived from statistical analysis of previously recorded medical data sets
of the patient.

The method (100) according to the preceding claim, wherein said predefined maximum
threshold data value is based on determining the interquartile range above the 75% quartile of
all available data values of a specific data type, e.g. amount of carbohydrates and/or amount

of insulin.

The method (100) according to one of the preceding claims, wherein providing the extracted
second medical data set as input to a blood glucose level prediction model comprises
identifying in the second medical data set at least one data segment, wherein the data segment
is a subset of a plurality of data points of the extracted second medical data set, that covers at

least a minimum time range, e.g. at least 30 minutes.

. The method (100) according to one of the preceding claims, wherein identifying data values

that differ from predetermined expected data values by more than a predetermined amount
comprises checking whether a recorded bolus insulin amount differs from an expected bolus

insulin amount by more than a predetermined amount, e.g. by more than 10, 20 or 40%.

The method (100) according to one of the preceding claims, wherein identifying at least one
predetermined time-dependent data pattern and removing data associated to said identified

time-dependent data pattern comprises detecting an invalid rise in glucose levels.

The method (100) according to one of the preceding claims, wherein providing (109) the
extracted second medical data set as input to a blood glucose level prediction model comprises
providing the extracted second medical data set as a training data set to a blood glucose level
prediction model algorithm, e.g. a neural network algorithm, and training the blood glucose

level prediction model algorithm with the extracted second medical data set,
and/or wherein the blood glucose level prediction model is based on the Kirchsteiger model.

The method (100) according to one of the preceding claims, wherein an obtained prediction of

future blood glucose levels is displayed to a patient and/or wherein, based on an obtained
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prediction of future blood glucose levels, a recommended dosage of insulin to be administered
is displayed to a patient and/or wherein, based on an obtained prediction of future blood
glucose levels, a recommended dosage of insulin is automatically administered via automatic

control of an insulin pump.

A computing system comprising:

a computer memory,

one or more processors, a display,

the computing system being configured to receive a first medical data set of a patient, and

the computer memory comprising computer-executable instructions which, when executed by
the one or more processors, cause the one or more processors to perform a method (100)

according to one of the preceding method claims for predicting blood glucose levels.

The computing system according to the preceding claim, wherein the computing system is one
of the following types: a computer server, a personal computer or a mobile computing system,

e.g. a smartphone, tablet or laptop.

A glucose monitoring system comprising:

a sensor for obtaining glucose data of a patient,

a computer memory, one or more processors, a display,

the computer memory comprising computer-executable instructions which, when executed by
the one or more processors, cause the one or more processors to perform a method (100)

according to one of the preceding method claims for predicting blood glucose levels.

The glucose monitoring system according to the preceding claim, further comprising an insulin
pump and wherein the glucose monitoring system is further configured to control the insulin
pump, in particular for controlling the dosage of insulin that can be administered by the insulin
pump, and wherein the glucose monitoring system is configured to determine a recommended
dosage of insulin to be administered based on an obtained prediction of future blood glucose
levels.

A computer-readable storage medium for storing computer-executable instructions that, when
executed by a computer system, perform a method (100) according to one of the preceding

method claims for predicting blood glucose levels.
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