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Abstract

Background: Basal rate (BR) adjustment is crucial for managing type 1 diabetes mellitus, accounting for 30% to 50% of total
daily insulin needs. All current closed-loop systems revert to the user’s usual pump BR (known as manual mode) in the event
of closed loop failure. Furthermore, access to closed-loop systems remains relatively low in low- and middle-income countries
and among those without suitable health insurance. Accurately adjusting the BR remains challenging, leading to hypo- or
hyperglycemia, and research on optimizing the BR is limited.

Objective: This study proposed an adaptive algorithm that uses continuous glucose monitoring data to identify BR inaccura-
cies without requiring meal intake information.

Methods: The OhioT1DM dataset formed the basis for implementing this methodology. Each composite day was generated
by excluding bolus insulin profiles lacking meal intake information and by calculating hourly blood glucose (BG) relative
levels along with their corresponding reliability measures, enabling assessment of deviations from the recommended BR (ie,
a BG relative change of 0 mg/dL). Both a noninferiority analysis and a classification precision metric were used to assess the
practicality of this approach compared to using meal data.

Results: Data from 12 participants showed noninferiority of the no-meal method: using a 20% noninferiority margin on
absolute BG relative change, 9 of 12 participants met the criterion (1-sided P<.05). Classification precision was 73.9%
(139/188) of meals correctly classified on average per participant (SD 11.8%; 95% CI 67.2%-79.7%). The daily cumulative
BG average was 200.6 mg/dL (SD 61.7 mg/dL; 11.1 mmol/L, SD 3.4 mmol/L; 95% CI 161.4-239.8 mg/dL), with peak
values reaching 270.15 mg/dL (14.99 mmol/L). Furthermore, 99.3% (286/288) of the BG relative values (SD 0.5%; 95% CI
97.5%-99.8%) that were unaffected by external factors were associated with incorrect BR settings, with deviations ranging
from —25.5 to 46 mg/dL (—1.58 to 2.59 mmol/L).

Conclusions: Current strategies to optimize BR settings are inadequate, and our approach of a personalized basal tuner (PBT)
helps better analyze BR without relying on meal intake information. Indeed, without an optimally set BR, in the event of the
closed loop reverting to manual mode, patients may be exposed to persistent hypo- or hyperglycemia, leading to safety and
efficacy issues. Future work will focus on generating BR recommendations through the application of this algorithm in clinical
practice to assist clinicians in setting BR in low- and middle-income countries, where closed-loop systems are not prevalent, to
help increase time in range.
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Introduction

Background

The current state of the art in insulin delivery is automatic
insulin delivery, also known as closed-loop systems [1].
In real-world settings—such as with the open source loop
system—these have been shown to improve both glycemic
control and quality of life [2]. However, all existing closed-
loop systems revert to the user’s preset pump basal rate (BR)
manual mode in the event of system failure. Specific closed-
loop systems also use the pump BR for other reasons, such as
serving as an integral part in the control algorithm functional-
ity (Tandem t:slim) [3] or as a safety backup (reverting to
manual mode) if the user has been hyperglycemic for a set
time (Omnipod 5) [4].

While high-income countries are transitioning to closed-
loop systems, those in low- and middle-income countries
(LMICs) and without suitable health insurance have limited
access to closed-loop systems [5,6]. Therefore, without an
optimally set BR, a closed-loop system reverting to manual
mode may expose patients to persistent hypo- or hyper-
glycemia, compromising both safety and efficacy. This is
particularly crucial as basal insulin contributes approximately
30% to 50% of total daily insulin use in individuals with type
1 diabetes mellitus (T1DM) [7,8].

Recent evidence indicates that insulin requirements,
including BR, do not always follow predictable circadian
or clinically assumed patterns, with unexpected deviations
occurring as frequently as expected ones [9]. Such variability
underscores the need for regular assessment and adjustment
of BR settings to ensure stability across different opera-
tional modes and clinical contexts. Accordingly, the proposed
algorithm is clinically relevant in several scenarios: (1) when
a closed-loop system fails and reverts to manual mode; (2)
in devices that incorporate fixed basal profiles as part of
their control strategy (eg, the Tandem t:slim); (3) when safety
protocols trigger a manual mode reversion after sustained
hyperglycemia (eg, the Omnipod 5); and (4) in settings where
closed-loop technology is unavailable due to cost, insurance
coverage, or regulatory constraints, such as in many LMICs.
In all these cases, an accurately set BR remains essential for
maintaining glycemic stability.

Challenges in BR Optimization

Traditionally, establishing BR has involved a series of fasting
tests, each lasting 6 to 12 hours and conducted at different
times of the day. The results are used to fine-tune, retest,
and record BR settings. While effective, this method can
be challenging for both patients and clinicians [10] and is
less commonly used in routine practice, where adjustments
are often made based on continuous glucose monitoring
(CGM) or finger-prick blood glucose (BG) values. Once
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the initial BR is determined, the clinician’s recommenda-
tions remain unchanged for several months between clinic
visits. This approach is particularly concerning for children
and adolescents, whose physiological needs evolve rapidly,
making it difficult to ensure that their requirements are
adequately adjusted and addressed [11-14].

Objective

The objective of this study was to evaluate whether accu-
rate assessment of basal insulin rates can be achieved
without requiring meal information. Using 45 days of CGM
and basal insulin delivery data, the algorithm generates a
composite 24-hour basal profile designed to support stable
and safe glycemic control, particularly in scenarios in which a
closed-loop system fails and reverts to manual mode. Current
guidelines recommend a time in range (TIR) of at least 16.8
hours per day (70%), corresponding to BG levels between
70 and 180 mg/dL (3.9-10 mmol/L) for that proportion of
time [15,16]. While this work focused on demonstrating the
nonnecessity of meal data for such assessments, the appli-
cation of these results to guide BR adjustments will be
addressed in future research.

Related Work

Several studies have explored strategies to set up basal insulin
delivery for improved glycemic control in individuals with
T1DM. Run-to-run adaptive control strategies using model
predictive control dynamically adjust basal insulin based
on daily glycemic patterns to enhance glucose stability and
reduce hypoglycemia risk [17]. Similarly, iterative learning
control has been applied to optimize basal insulin in multiple
daily injection therapy, leveraging historical BG data to
personalize and refine dosing over time [18]. Additionally,
a multivariate learning framework has been proposed for
artificial pancreas systems, allowing for continuous adapta-
tion of basal insulin rates in response to individual variability
and long-term changes in glycemic behavior [19]. Finally, a
multiagent reinforcement learning method has been used to
adjust both basal and bolus insulin dosing [20].

Study Contribution

Unlike methods that depend on complex models and real-time
adjustments, the personalized basal tuner (PBT) algorithm
provides a simpler, more practical solution for evaluating
BR without the need for meal data. Additionally, updating
calculations on a 45-day basis may improve the perform-
ance of certain closed-loop systems that incorporate BR as
a key component of their algorithms. This approach could
also enhance the safety of these systems when reverting to
manual mode. Furthermore, it supports clinicians in LMICs,
where closed-loop systems are less common, by aiding in BR
adjustments to improve TIR and better manage BG fluctua-
tions unrelated to meal intake.
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Aim and Hypothesis

The primary aim of this study was to develop and evaluate an
algorithm capable of identifying and removing BG excursions
caused by mealtime insulin boluses without requiring meal
information. The hypothesis was that this approach would be
noninferior and reasonably precise compared with methods
using meal data, thereby supporting its use in scenarios in
which meal information is unavailable or unreliable.

Methods

Ethical Considerations

This study used the OhioTIDM dataset [21], originally
collected under Institutional Review Board approval at
Ohio University (National Institutes of Health grant
1R21EB022356). Access to the dataset requires a data use
agreement signed between Ohio University and the requesting
institution, as stated in the dataset descriptor. In this work,
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access was provided to the research team at the University
of Manchester under such an agreement, and all records
were fully deidentified before release. As this was a sec-
ondary analysis of anonymized data, no additional ethics
approval was required locally in accordance with University
of Manchester policy on the use of anonymized secondary
data.

Participants

This study used data from 12 adults with TIDM included in
the OhioT1DM dataset [21]. For each participant, approxi-
mately 45 consecutive days of CGM, insulin delivery, and
self-reported life event information were available. Partici-
pant demographics are summarized in Table 1. Although
the cohort was modest in size, each record provided a
rich multimodal profile that included CGM, insulin ther-
apy, and contextual events. This level of longitudinal detail
supports reproducible analyses and methodological develop-
ment despite the limited number of participants.

Table 1. Demographic characteristics of participants in the OhioT1DM dataset relevant to the personalized basal tuner algorithm.

ID Sex Age group (y) Pump model Cohort year® Activity reported®
540 Male 20-40 630G 2020 No
544 Male 40-60 530G 2020 No
552 Male 20-40 530G 2020 No
567 Female 20-40 630G 2020 No
584 Male 40-60 530G 2020 No
596 Male 40-80 530G 2020 No
559 Female 40-60 530G 2018 Yes
563 Male 40-60 530G 2018 Yes
570 Male 40-60 530G 2018 Yes
575 Female 40-60 530G 2018 Yes
588 Female 40-60 530G 2018 Yes
591 Female 40-60 530G 2018 Yes

8The dataset includes patients from different cohorts and with different pump models.
b«Activity reported” indicates whether the participant provided physical activity data.

Materials

Each participant’s dataset includes 20 distinct variables
viewable through the open-source OhioT1DM Viewer (Ohio
University) [21]. For the scope of this study, the follow-
ing specific variables were extracted and analyzed for each
individual: BG, BR, bolus insulin doses, meal data, and
baseline step count.

Main Algorithm

The current algorithm functions as a sequential pipeline
designed for the analysis of TIDM data, with distinct stages
designed to identify inaccuracies in historical BR (Figure 1).

The first stage involves parsing CGM and insulin delivery
data, which are downloaded from the corresponding devices.
The second stage applies a peak detection algorithm to
filter out BG readings influenced by meal intake, preserv-
ing readings from fasting periods as much as possible. The
primary goal is to remove meal-related peaks even when
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the meals are not recorded. This process is applied to all
historical data, and relative changes in BG are then calculated
on an hourly basis to quantify deviations from the optimal
target of 0 mg/dL, which serves as the conceptual baseline.
In clinical practice, once the clinician determines the optimal
basal insulin dose, it is expected that fasting glucose will
remain stable or show minimal deviation. Afterward, box
plots are generated to analyze and visualize the distribution of
BG relative changes. Finally, a metric based on the number
of data points is calculated to assess the reliability of the
obtained values. The final stage focuses on displaying results
and evaluating the findings (see the Results and Discussion
sections for further reference).

In summary, this variant of the algorithm takes a dif-
ferent approach by avoiding the necessity of meal infor-
mation. Instead, it leverages historical data to characterize
BG peaks, effectively removing them and, thus, providing
clear BG readings unaffected by external factors such as
meals or mealtime insulin bolus delivery. This method offers
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an approach to evaluating BR in historical BG readings
adaptable to any patient.
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Figure 1. The developed algorithm is organized into 3 stages: one focused on preprocessing blood glucose (BG) data, another focused on peak
detection and evaluation of basal rate (BR), and the final stage focused on display and analysis. The main objective was to highlight and evaluate

aspects related to BR.
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Peak Detection Analysis

Peak detection serves the purpose of identifying and
removing the influence of mealtime insulin bolus on
BG levels in reaction to meal metabolism. The process
commences with the examination of the BG information

Textbox 1. Peak detection algorithm (algorithm 1).

- R cr_fange < 4 Peak detector
generation

available for each sampled patient as a function of date
and time (algorithm 1 in Textbox 1). Meal information in
this study was used for annotation purposes (ie, to evaluate
whether the BG peaks found were due to meals).

Require: N ¢ BG files sorted by date;
for i in len(N) do

Apply low-pass filter to N; to avoid noise;

{P1, P, P3, ..., P;} & peaks;

{W1, Wy, W3, ..., W;} & widths of peaks

Obtain percentiles 95th of peak heights and widths;
for j in len({Py, P2, P3, ..., Pi}) do if Pj or Wj = P95

then

if T ¢ip=23:59:59 then
Read Nj, file;

end if
end if
CleanBGFile ¢ Cut BG values € (Tjui, T £in)
end for
end for

Tini ¢ Tpeak j — 1hr; [> Obtain initial times to remove.
T tin ¢ Tpeak j + 3hrs; [> Obtain final times to remove.

Ttin ¢ Tgin—00:00:00; > Obtain value to be removed next day.

CleanBGFile ¢ Cut BG values € (00 :00:00, T ¢ip);

Algorithm 1 is specifically crafted to process BG data
associated with a patient. In each iteration, the algorithm
uses a low-pass filter to eliminate potential inaccuracies from
reading errors in a CGM system. Once the filter is applied
to the data, algorithm 1 takes on the task of detecting what
is considered a BG peak for this study. This involves using
algorithms for peak detection, height calculation, and width
estimation, all based on standard signal processing techni-
ques. The peak’s height (mg/dL) is calculated geometrically
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by measuring height relative to neighboring minima. Once
the minima on each side of the peak are located, the height
corresponding to the deeper valley is selected. The width
(hours) is determined via linear interpolation at a specified
height [22]. After identifying all peaks, an outlier detection
method leveraging either height or width is used to pinpoint
peaks potentially associated with meal intake. A threshold
corresponding to the 95th percentile is established to filter
out peaks likely linked to meals. The outcome of this process
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is illustrated in Figure 2, where panel A displays all detec-
ted peaks and panel B shows the filtered peaks following
the application of the threshold. Similar approaches for
outlier detection using peak characteristics such as height
and width have been discussed in the literature, including
robust regression and outlier detection methods [23], anomaly
detection techniques [24], and event detection with outlier
handling in biological time-series data [25]. Research shows
that different macronutrients (carbohydrates, proteins, and
fats) affect glucose peak profiles in distinct ways. Carbohy-
drates typically cause a rapid rise in BG, leading to a sharp
increase followed by a quick, often asymmetrical decline.

Gasca Garcia et al

In contrast, proteins and fats slow gastric emptying and
glucose absorption, resulting in a more delayed and flatter
peak. These observations suggest that glucose peak curves are
better modeled using skewed distributions such as log-normal
or gamma distributions rather than the traditional symmetric
Gaussian curve [26]. Furthermore, one study indicated that
glucose use begins soon after a meal, with peak glucose use
and insulin action typically occurring within 3 to 4 hours after
a meal [27]. Therefore, for this study, if peaks were identified,
a 4-hour window was excluded from the BG readings around
each peak time (extending from 1 hour before to 3 hours after
the peak).

Figure 2. (A) This example illustrates a series of purple peaks identified by the algorithm over a single day. (B) After applying the outlier detector
with threshold criteria based on the 95th percentile for width (hours) and height (mg/dL), only the peaks that meet these criteria are removed. In both
examples, widths are shown in red, and heights are shown in blue. Meal information is highlighted in orange, offering visual guidance to help the
reader better understand the phenomena evaluated by the algorithm. BG: blood glucose.
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If the temporal subtraction extends into the early hours of
the subsequent day, this adjustment is carried over to the
following reading. Consequently, the outcome is daily BG
data in which any regions influenced by significant peaks in
BG are effectively removed. It is essential to acknowledge
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that this step may be susceptible to inaccuracies as there could
be instances in which peaks are not precisely obtained and
some peaks may be attributed to factors other than meals. The
effect of removing BG peaks using algorithm 1 is illustrated
in Figure 3.
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Figure 3. Example application of algorithm 1: (A) 45 blood glucose (BG) readings for patient ID 588 over a day; (B) segments of BG readings
removed due to external influences; and (C) remaining BG levels after removal, representing periods without external interference.
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(ma/dL; mmalsL)

After removing BG intervals influenced by meal absorption,
the algorithm consolidates the results into a unified table
using a 24-hour pivot structure with 1-minute increments.
This approach is selected to accommodate the irregular
intervals at which measurements are recorded—typically
every 5 minutes. The primary objective is to create a
comprehensive daily composite, which serves as input for
calculating BG relative change values.

Once the cleaned BG data are consolidated, they are
divided into 24 one-hour segments for more detailed and
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thorough analysis. This segmentation aims to assess the
stability of BG levels throughout the day. The underlying
hypothesis is that, if the start and end points show no
significant change, indicated by a relative BG change of 0
mg/dL (0 mmol/L), the BR is considered appropriate, and
no further adjustments are needed. However, if differences
are detected, further evaluation is required to determine the
significance of these changes. The results of implementing
this approach are shown in Figure 4.

Figure 4. Hourly box plots depicting relative changes showcase the median distribution’s behavior over a composite 24-hour period. Values outside
the blue-shaded range indicate greater fluctuations during those time slots; however, this range is intended solely for visualization purposes. BG:

blood glucose.
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The blue shading in Figure 4 represents a fixed range of
=36 to +36 mg/dL (-2 to +2 mmol/L), serving as a vis-
ual reference for hourly fluctuations in relative BG levels.
However, as the computation of box plots depends on the
number of data points within each interval, some intervals
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BG relative change (mg/dL)

exhibiting substantial variability require further analysis to
assess the accuracy of these values.

To address this, a personalized reliability measure —based
on the number of data points—was incorporated into the
analysis. Percentiles were used as thresholds determined
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through exploratory analysis of the hourly data, with the 50th
and 70th percentiles identified as points of notable separation
in the dataset [28]. The resulting composite day representa-
tion illustrates relative changes in BG categorized using a
3-level reliability measure, as shown in the Peak Detection
Analysis Results section, and is intended to evaluate the
current deviation of the BR.

Finally, to assess whether this procedure serves as a viable
alternative to the use of meal data, 2 tests were conduc-
ted. First, a noninferiority test was conducted to evaluate
whether the cumulative deviation of BG relative changes
captured by this method was comparable to that obtained
using meal information. This metric was chosen because BG
deviations are critical for assessing the current state of BR.
Second, precision was calculated to measure the accuracy
with which the method classified peaks as meal-related
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events. An interindividual analysis was also conducted to
identify general patterns across participants.

Noninferiority Test

To determine whether the peak detection algorithm can be
used as an alternative to traditional meal announcements, it
was compared against historical meal data. Specifically, once
a meal was announced, the subsequent 4 hours of BG data
were excluded from the analysis, as recommended in prior
studies [26,27]. The new method must demonstrate noninfer-
iority by exhibiting comparable cumulative BG relative level
deviations. As BG relative levels can fluctuate above and
below the target value of 0 mg/dL, the absolute value of
the deviation was used. A comparative distribution of BG
deviations is shown in Figure 5.

Figure 5. Box plot comparing the deviation in blood glucose (BG) between the method using meal data and the peak detection algorithm.

200

150

100

BG relative change (mgfdL)
(s ]

=}
50 g
H
i
H
H
H
.
RN —

12.0
[+]
F10.0
o]
8.0
o
o s
£
E
o &
L60 £
-
Q [¥]
W
8 g
&
@
(W]
E F4p @
i
:
| 20
|
.
e Lo.0

With meal data

Without meal data

Comparison of approaches with versus without meal data

Precision

To further evaluate the method’s performance, precision was
calculated to determine the proportion of detected peaks that
were correctly attributed to meal events [29]. The analy-
sis assessed whether the peak detection algorithm correctly
identified a BG peak associated with a meal event occurring
within a flexible window, from 1 hour before the estimated
base starting point (defined as peak-width/2) to 1 hour after
the peak. This window was defined based on exploratory data
analysis, which revealed variability in the timing and quality
of meal annotations (see the Precision Results section). The
95% Cls for these proportions were calculated using the
Wilson score method.
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Interindividual Analysis

To identify general patterns across participants, the BG
relative change data from all individuals were pooled into
a single dataset, and each 24-hour composite day was divided
into 1-hour intervals. For each interval, values were classi-
fied into 1 of 3 categories: excessive insulin (<0 mg/dL),
insufficient insulin (>0 mg/dL), or optimal insulin (+0 mg/
dL). For each category, the range (minimum and maximum),
the average daily cumulative value, and the peak value
across all participants were computed. Additionally, variance
was compared between the excessive and insufficient insulin
categories to assess consistency in glycemic deviations. The
proportion of inappropriate BR settings was calculated as
the number of hourly intervals classified as “excessive”
or “insufficient” insulin divided by the total number of
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hourly intervals (n=288) after excluding periods influenced
by meals.

Results

Overview

The results of the analysis are structured into 4 key stages of
evaluation. First, the phenomena observed in all patients were
identified and described, highlighting the detected patterns
(see the Peak Detection Analysis Results section). Second,
the noninferiority test was conducted for each individual
to evaluate the safety of using this methodology compared
with using meal data (see the Noninferiority Test Results
section). Third, the precision of the method was assessed
(see the Precision Results section). Finally, an interindividual
analysis was conducted to evaluate the general state of BR
across participants and whether they shared a common issue
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with their actual BR (see the Interindividual Analysis Results
section). This 4-stage approach enabled a deeper understand-
ing of the findings and their implications.

Peak Detection Analysis Results

The analysis of BG relative levels across multiple patients
revealed consistent patterns of reliability issues in the BG
data. For most patients, higher reliability in BG relative
changes was observed during early-morning hours, periods
between meals, and late-night intervals. In contrast, meal-
times were associated with lower reliability, often accompa-
nied by the presence of outliers. Patient ID 588 in Figure
6 serves as a representative example, where “A” shows BG
levels with high reliability during early hours and between
meals, “B” shows low-reliability BG values around meal-
times, and “C” highlights occasional outliers during periods
of low reliability.

Figure 6. Blood glucose (BG) relative changes and reliability for the patient with ID 588. “A” indicates that BG levels demonstrated high reliability
during early hours and periods between meals. “B” indicates that low-reliability BG values were observed around mealtimes. “C” indicates that

occasional outliers were observed during periods of low reliability.
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Noninferiority Test Results

The results of the noninferiority test, which compared the
level of deviation from optimal BG levels for each individual
using this method and meal data, are shown in Table 2. There
is no accepted standard for the noninferiority margin, but
for this analysis, a threshold of 20% was established as a

reasonable starting point. Using this margin, the majority of
participants satisfied the noninferiority test. This indicates
that the cumulative deviation of BG relative values as a
metric was not worse when comparing this method to using
meal information.

Table 2. Results of the noninferiority test for each participant in the OhioT1DM dataset.

ID t test (df) P value
540 3.381 (460) <.001
544 —4.510 (980) <.001
552 3.673 (1025) <.001
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ID t test (df) P value
567 4.344 (263) <.001
584 6.955 (1336) <.001
596 0.591 (854) 277
559 0.663 (1101) 254
563 3.345 (1299) <.001
570 -2.219 (983) 013
575 —7.310 (1080) <.001
588 -3.192 (1140) <.001
591 -1.396 (915) 081

Precision Results

The results, summarized in Table 3, indicate precision
values ranging from 46.8% (88/188) of meals to 84%
(158/188) of meals, with an average of 73.9% (139/188;
SD 11.8%) of meals correctly classified per participant
(95% CI 67.2%-79.7%, calculated using the Wilson score

method) when low-quality data, denoted by the “1” in the
“low quality” column, were excluded. Notably, missing data
(ie, instances in which no meal events were annotated in
the dataset) impacted precision outcomes as the absence of
reference points prevented meaningful comparisons.

Table 3. Summary of precision across multiple individuals. Low-quality data significantly impacted performance as the large proportion of missing

information negatively affected the results®.

1D Precision (%) Low quality® Missing meal files, n/N (%)
540 56 1 29/46 (63)
544 71 0 3/41 (7)
552 47 1 15/38 (39)
567 47 1 36/47 (77)
584 49 1 12/46 (26)
596 79 0 9/46 (20)
559 73 0 7/42 (17)
563 63 0 4/46 (9)
570 73 0 6/41 (15)
575 81 0 4/46 (9)
588 84 0 1/46 (2)
591 70 0 6/46 (13)

4Precision values ranged from 47% (88/188) to 84% (158/188) of meals, with an average of 74% (139/188) of meals in the filtered dataset.

PLow quality: binary indicator; 1=low-quality data, O=high-quality data.

Interindividual Analysis Results

Figure 7 shows that 99.3% (286/288) of the BG rela-
tive values (SD 0.5%; 95% CI 97.5%-99.8%) fell into
the categories of either insufficient or excessive insulin,
presenting a stark contrast to the relatively sparse occurren-
ces of optimal insulin levels, averaging approximately 0.166
hours per day across the study group.

Figure 8 shows that BG relative levels seemed to exhibit
diverse patterns when either too little or too much insulin was

https://diabetes.jmir.org/2025/1/e72769

administered, with noticeable variations among individuals,
ranging from —28.5 to 46.7 mg/dL (—1.58 to 2.59 mmol/L).
Data analysis indicates that, on average, individuals show
lower variability when more insulin than optimal is adminis-
tered compared to other dosing conditions. When computing
the daily cumulative average from the data of all individuals,
the analysis revealed an average value of 200.6 mg/dL (SD
61.7; 11.1 mmol/L, SD 3.4; 95% CI 161.4-239.8 mg/dL),
with peak values reaching 270.15 (SD 14.99) mmol/L.

JMIR Diabetes2025 | vol. 10 | €72769 | p. 9
(page number not for citation purposes)


https://diabetes.jmir.org/2025/1/e72769

JMIR DIABETES

Gasca Garcia et al

Figure 7. Histogram illustrating the distribution of hours during which individuals experienced insufficient, excessive, or optimal insulin levels,
corresponding to blood glucose relative values that were below or above the optimal target or at the optimal target, respectively. Across 12
participants (24 hours each; total=288 values), 99.3% (286/288; SD 0.5%) of the values fell into the categories of either insufficient or excessive
insulin. Optimal insulin levels were rare, averaging approximately 0.166 hours per day across the study group.
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Figure 8. Box plots showing blood glucose relative levels under conditions of insufficient and excessive insulin administration, with interindividual
variability ranging from —28.5 to 46.7 mg/dL (—1.58 to 2.59 mmol/L). Daily cumulative averages across all individuals revealed a mean of 200.6 (SD
61.7) mg/dL (11.1, SD 3.4 mmol/L; 95% CI 161.4-239.8 mg/dL), peaking at 270.15 (SD 14.99) mmol/L.
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Discussion BR performance over time and identifies when adjustments
are needed.
Principal Results Peak detection analysis across participants revealed

This study introduced a meal-independent approach for
assessing the adequacy of BR using historical CGM and
insulin delivery data. Unlike prior work focused on BR as an
input for BG prediction models, our method directly evaluates
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consistent patterns in data reliability—higher reliability was
generally observed during early-morning hours, between
meals, and late at night, whereas mealtimes tended to show
lower reliability and more frequent outliers.
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Using a predefined 20% noninferiority margin on absolute
BG relative change, the no-meal method showed compara-
ble behavior to the meal-based approach in 9 of 12 par-
ticipants (1-sided P<.05). These findings indicate that the
method may achieve comparable performance without relying
on meal information, although individual differences and
data variability may explain the few nonsignificant results.
Precision averaged 73.9% (139/188) of meals correctly
classified per participant (SD 11.8%; 95% CI 67.2%-79.7%),
indicating reasonable accuracy in excluding meal-related BG
excursions.

Interindividual analysis showed that 99.3% (286/288)
of BG relative values (SD 0.5%; 95% CI 97.5%-99.8%)
fell into the excessive or insufficient insulin categories,
with deviations ranging from —-25.5 to 46 mg/dL (-1.58
to 2.59 mmol/L). These findings highlight the prevalence
of suboptimal BR settings and suggest that the proposed
approach could support BR adjustments without the burden
of collecting meal data, reducing patient effort and device-
related strain [30] and supporting future calibration in both
closed-loop and stand-alone pump use.

Although CGM-derived glucose trends formed the primary
analytical focus, basal insulin delivery data were central to
interpreting these results. The composite 24-hour BG profile
for each participant was generated directly from their CGM
data, and relative BG changes were assessed in the context
of BR. Given that 99.3% (286/288; SD 0.55%) of the BG
relative values fell into the excessive or insufficient catego-
ries rather than the optimal 0 mg/dL range, these deviations
strongly indicate that the current BR configurations were
inadequate. In this way, insulin delivery data were not only
included but also essential for linking glucose deviations to
inaccuracies in BR setup.

Comparison With Prior Work

Extensive research in BG prediction for TIDM has been
conducted in recent years [31]. Approaches have ranged from
data-driven models to physiological models and combinations
of both, often using advanced machine learning techniques,
related algorithms, or mathematically complex differential
equations [32,33]. This work contributes to that body of
knowledge by introducing an algorithm that may help assess
whether current BR settings are appropriate without requiring
meal data. This is clinically relevant because incorrect BR
inputs—whether in closed-loop systems that revert to manual
mode or in stand-alone insulin pumps —can lead to inaccurate
adjustments and suboptimal BG management.

Previous research efforts have predominantly revolved
around BR as an input variable rather than it being the
central subject of investigation. Few studies have tackled
this challenge directly. Certain works have applied cluster-
ing methods, grouping new patients based on characteristics
such as age or diabetes duration [34]. Several studies have

Gasca Garcia et al

used traditional machine learning methods for prediction
tasks [35]. However, test outcomes have been suboptimal
[36]. Recent research [37,38] has documented the effec-
tive performance of automatic insulin delivery systems in
real-world operation. While they offer significant clinical
benefits, these systems still have calibration challenges and
emerging cybersecurity considerations [5].

In addition to the previous examples, some studies have
examined the characterization of BR profiles. Such stud-
ies have examined the previously noted variables [10,39-
41] alongside factors including the dawn phenomenon and
age-related effects on these profiles. However, these studies
do not provide guidance on how to accurately determine the
appropriate BR for an individual, nor do they address how
these rates may change over time for the same person.

In the landscape of meal detection research, the consulted
examples hinge on the computation of rates of change using
sophisticated mathematical approaches such as Kalman filters
[42-45] or the validation of probabilistic methods through
testing in in silico environments [46-48].

Limitations

This work acknowledges several limitations. First, it relies
on the assumption that mealtimes align with the attributes
defined in the methodology—specifically, that BG peaks
exceed the 95th percentile for either width (hours) or height
(mg/dL). Second, the dataset was constrained by a limited
sample size (N=12) and its demographic characteristics and
data quality, which inherently impacts the precision and
generalizability of the analysis. Third, the algorithm has
only been evaluated on the dataset used for its develop-
ment; therefore, validation in independent external datasets
will be necessary to establish robustness and applicability
across broader populations. Finally, while this study did not
assess the clinical significance of the observed variations and
changes in BG levels, this will be comprehensively addressed
in future clinical investigations.

Conclusions

This paper highlights the preliminary potential of the
proposed algorithm, which relies solely on CGM data to
approximate the timing of meal-related glucose excursions.
By excluding these instances, the algorithm may help provide
a clearer assessment of relative BG deviations and the
current state of BR. These findings should be interpreted
cautiously as preliminary evidence, and validation in larger
and independent cohorts will be required before any clinical
application can be considered. Therefore, future work will
focus on refining the method and assessing its utility for
supporting BR adjustments aimed at reducing BG deviations
and extending TIR, particularly in LMICs, where advanced
systems are less common.

Acknowledgments

DGG received a scholarship from the Engineering and Physical Sciences Research Council in the United Kingdom. Open

access funding was provided by the University of Manchester.

https://diabetes.jmir.org/2025/1/e72769

JMIR Diabetes2025 | vol. 10 1 72769 | p. 11
(page number not for citation purposes)


https://diabetes.jmir.org/2025/1/e72769

JMIR DIABETES Gasca Garcia et al

Data Availability

The dataset used in this study, OhioT1DM, was collected at Ohio University and is publicly available online [50]. All code
supporting the findings of this study is openly available at Zenodo [49].

Authors’ Contributions

SH and DGG conceived the study. DGG contributed to the development of the algorithm and
to drafting the manuscript. All authors contributed to the study design, data analysis, and interpretation of the results and
critically reviewed and approved the final version.

Conflicts of Interest
None declared.

References

1.  Lakshman R, Boughton C, Hovorka R. The changing landscape of automated insulin delivery in the management of type
1 diabetes. Endocr Connect. Jul 31,2023;12(8):¢230132. [doi: 10.1530/EC-23-0132] [Medline: 37289734]

2. Braune K, O’Donnell S, Cleal B, et al. Real-world use of do-it-yourself artificial pancreas systems in children and
adolescents with type 1 diabetes: online survey and analysis of self-reported clinical outcomes. JIMIR Mhealth Uhealth.
Jul 30,2019;7(7):e14087. [doi: 10.2196/14087] [Medline: 31364599]

3. Important safety information for basal-1Q technology. Tandem Diabetes Care. URL: https://www.tandemdiabetes.com/
legal/important-safety-information/basal-iq [Accessed 2025-11-07]

4. Omnipod: tubeless insulin delivery system. Omnipod. URL: https://www.omnipod.com/en-gb [Accessed 2025-11-07]

5. Sherr JL, Heinemann L, Fleming GA, et al. Automated insulin delivery: benefits, challenges, and recommendations. A
consensus report of the Joint Diabetes Technology Working Group of the European Association for the Study of
Diabetes and the American Diabetes Association. Diabetes Care. Dec 1, 2022;45(12):3058-3074. [doi: 10.2337/dci22-
0018] [Medline: 36202061]

6.  Mizokami-Stout K, Thompson HM, Hurren K, et al. Clinician experiences with hybrid closed loop insulin delivery
systems in veterans with type 1 diabetes: qualitative study. JMIR Diabetes. Mar 29, 2023;8:e45241. [doi: 10.2196/
45241] [Medline: 36989019]

7.  Mitsui Y, Kuroda A, Ishizu M, et al. Basal insulin requirement in patients with type 1 diabetes depends on the age and
body mass index. J Diabetes Investig. Feb 2022;13(2):292-298. [doi: 10.1111/jdi.13547] [Medline: 33740836]

8.  Kuroda A, Kaneto H, Yasuda T, et al. Basal insulin requirement is ~30% of the total daily insulin dose in type 1 diabetic
patients who use the insulin pump. Diabetes Care. May 2011;34(5):1089-1090. [doi: 10.2337/dc10-2149] [Medline:
21430086]

9.  Degen I, Robson Brown K, Reeve HW, Abdallah ZS. Beyond expected patterns in insulin needs of people with type 1
diabetes: temporal analysis of automated insulin delivery data. JMIRx Med. Nov 27, 2024;5:e44384. [doi: 10.2196/
44384] [Medline: 39654139]

10.  Scheiner G, Boyer BA. Characteristics of basal insulin requirements by age and gender in type-1 diabetes patients using
insulin pump therapy. Diabetes Res Clin Pract. Jul 2005;69(1):14-21. [doi: 10.1016/j.diabres.2004.11.005] [Medline:
15955383]

11. Szypowska A, Lipka M, Btazik M, Golicka D, Groele L, Pafikowska E. Age-dependent basal insulin patterns in children
with type 1 diabetes treated with continuous subcutaneous insulin infusion. Acta Paediatr. Mar 2009;98(3):523-526. [doi:
10.1111/5.1651-2227.2008.01151.x] [Medline: 19046348]

12. Klinkert C, Bachran R, Heidtmann B, Grabert M, Holl RW, DPV-Initiative. Age-specific characteristics of the basal
insulin-rate for pediatric patients on CSII. Exp Clin Endocrinol Diabetes. Feb 2008;116(2):118-122. [doi: 10.1055/s-
2007-990296] [Medline: 17973210]

13. Cemeroglu AP, Thomas JP, Zande LT, et al. Basal and bolus insulin requirements in children, adolescents, and young
adults with type 1 diabetes mellitus on continuous subcutaneous insulin infusion (CSII): effects of age and puberty.
Endocr Pract. 2013;19(5):805-811. [doi: 10.4158/EP13099.0R] [Medline: 23757622]

14. Dovc K, Boughton C, Tauschmann M, et al. Young children have higher variability of insulin requirements: observations
during hybrid closed-loop insulin delivery. Diabetes Care. Jul 2019;42(7):1344-1347. [doi: 10.2337/dc18-2625]
[Medline: 31221700]

15. Type 1 diabetes in adults: diagnosis and management. National Institute for Health and Care Excellence. 2015. URL:
https://www .nice.org.uk/guidance/ng17 [Accessed 2025-02-05]

16.  American Diabetes Association. 6. Glycemic targets: Standards of Medical Care in Diabetes-2021. Diabetes Care. Jan
2021;44(Suppl 1):S73-S84. [doi: 10.2337/dc21-S006] [Medline: 33298417]

https://diabetes.jmir.org/2025/1/e72769 JMIR Diabetes2025 | vol. 10 172769 | p. 12
(page number not for citation purposes)


https://doi.org/10.1530/EC-23-0132
http://www.ncbi.nlm.nih.gov/pubmed/37289734
https://doi.org/10.2196/14087
http://www.ncbi.nlm.nih.gov/pubmed/31364599
https://www.tandemdiabetes.com/legal/important-safety-information/basal-iq
https://www.tandemdiabetes.com/legal/important-safety-information/basal-iq
https://www.omnipod.com/en-gb
https://doi.org/10.2337/dci22-0018
https://doi.org/10.2337/dci22-0018
http://www.ncbi.nlm.nih.gov/pubmed/36202061
https://doi.org/10.2196/45241
https://doi.org/10.2196/45241
http://www.ncbi.nlm.nih.gov/pubmed/36989019
https://doi.org/10.1111/jdi.13547
http://www.ncbi.nlm.nih.gov/pubmed/33740836
https://doi.org/10.2337/dc10-2149
http://www.ncbi.nlm.nih.gov/pubmed/21430086
https://doi.org/10.2196/44384
https://doi.org/10.2196/44384
http://www.ncbi.nlm.nih.gov/pubmed/39654139
https://doi.org/10.1016/j.diabres.2004.11.005
http://www.ncbi.nlm.nih.gov/pubmed/15955383
https://doi.org/10.1111/j.1651-2227.2008.01151.x
http://www.ncbi.nlm.nih.gov/pubmed/19046348
https://doi.org/10.1055/s-2007-990296
https://doi.org/10.1055/s-2007-990296
http://www.ncbi.nlm.nih.gov/pubmed/17973210
https://doi.org/10.4158/EP13099.OR
http://www.ncbi.nlm.nih.gov/pubmed/23757622
https://doi.org/10.2337/dc18-2625
http://www.ncbi.nlm.nih.gov/pubmed/31221700
https://www.nice.org.uk/guidance/ng17
https://doi.org/10.2337/dc21-S006
http://www.ncbi.nlm.nih.gov/pubmed/33298417
https://diabetes.jmir.org/2025/1/e72769

JMIR DIABETES Gasca Garcia et al

17.

18.

19.

20.

21.

22.
23.
24.

25.

26.

217.

28.
29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Toffanin C, Visentin R, Messori M, Palma FD, Magni L, Cobelli C. Toward a run-to-run adaptive artificial pancreas: in
silico results. IEEE Trans Biomed Eng. Mar 2018;65(3):479-488. [doi: 10.1109/TBME.2017.2652062] [Medline:
28092515]

Cescon M, Deshpande S, Nimri R, Doyle lii FJ, Dassau E. Using iterative learning for insulin dosage optimization in
multiple-daily-injections therapy for people with type 1 diabetes. IEEE Trans Biomed Eng. Feb 2021;68(2):482-491.
[doi: 10.1109/TBME.2020.3005622] [Medline: 32746043]

Shi D, Dassau E, Doyle F III. Multivariate learning framework for long-term adaptation in the artificial pancreas. Bioeng
Transl Med. Nov 12,2018;4(1):61-74. [doi: 10.1002/btm2.10119] [Medline: 30680319]

Jaloli M, Cescon M. Basal-bolus advisor for type 1 diabetes (T1D) patients using multi-agent reinforcement learning
(RL) methodology. Control Eng Pract. Jan 2024;142:105762. [doi: 10.1016/j.conengprac.2023.105762]

Marling C, Bunescu R. The OhioT1DM dataset for blood glucose level prediction: update 2020. CEUR Workshop Proc.
Sep 2020;2675:71-74. [Medline: 33584164]

Smith SW. The Scientist and Engineer's Guide to Digital Signal Processing. California Technical Publishing; 1998.
Rousseeuw PJ, Leroy AM. Robust Regression and Outlier Detection. John Wiley & Sons; 1987.

Chandola V, Banerjee A, Kumar V. Anomaly detection: a survey. ACM Comput Surv. Jul 2009;41(3):1-58. [doi: 10.
1145/1541880.1541882]

Askari MR, Rashid M, Sun X, et al. Detection of meals and physical activity events from free-living data of people with
diabetes. J Diabetes Sci Technol. Nov 2023;17(6):1482-1492. [doi: 10.1177/19322968221102183] [Medline: 35703136]
Kanaley JA, Heden TD, Liu Y, Fairchild TJ. Alteration of postprandial glucose and insulin concentrations with meal
frequency and composition. Br J Nutr. Nov 14, 2014;112(9):1484-1493. [doi: 10.1017/S0007114514002128] [Medline:
25231499]

Dalla Man C, Rizza RA, Cobelli C. Meal simulation model of the glucose-insulin system. IEEE Trans Biomed Eng. Oct
2007;54(10):1740-1749. [doi: 10.1109/TBME.2007.893506] [Medline: 17926672]

Tukey JW. Exploratory Data Analysis. Addison-Wesley Publishing Company; 1977. ISBN: 9780201076165

Powers DM. Evaluation: from precision, recall and F-score to ROC, informedness, markedness & correlation. J Mach
Learn Technol. 2011;2(1):37-63. URL: https://bioinfopublication.org/files/articles/2 1 1 JMLT.pdf [Accessed
2025-11-07]

Lawton J, Kimbell B, Closs M, et al. Listening to women: experiences of using closed-loop in type 1 diabetes pregnancy.
Diabetes Technol Ther. Dec 2023;25(12):845-855. [doi: 10.1089/dia.2023.0323] [Medline: 37795883]

Oviedo S, Vehi J, Calm R, Armengol J. A review of personalized blood glucose prediction strategies for T1DM patients.
Int J Numer Method Biomed Eng. Jun 2017;33(6):¢2833. [doi: 10.1002/cnm.2833] [Medline: 27644067]

Cobelli C, Man CD, Sparacino G, Magni L, De Nicolao G, Kovatchev BP. Diabetes: models, signals, and control. IEEE
Rev Biomed Eng. Jan 1, 2009;2:54-96. [doi: 10.1109/RBME.2009.2036073] [Medline: 20936056]

Hovorka R, Canonico V, Chassin LJ, et al. Nonlinear model predictive control of glucose concentration in subjects with
type 1 diabetes. Physiol Meas. Aug 2004;25(4):905-920. [doi: 10.1088/0967-3334/25/4/010] [Medline: 15382830]
Holterhus PM, Bokelmann J, Riepe F, et al. Predicting the optimal basal insulin infusion pattern in children and
adolescents on insulin pumps. Diabetes Care. Jun 2013;36(6):1507-1511. [doi: 10.2337/dc12-1705] [Medline:
23404300]

Nauck MA, Kahle-Stephan M, Lindmeyer AM, Wenzel S, Meier JJ. Prediction of individual basal rate profiles from
patient characteristics in type 1 diabetes on insulin pump therapy. J Diabetes Sci Technol. Nov 2021;15(6):1273-1281.
[doi: 10.1177/1932296820972691] [Medline: 33251851]

Schmelzer JS, Kahle-Stephan M, Meier JJ, Nauck MA. Prospective external validation of an algorithm predicting hourly
basal insulin infusion rates from characteristics of patients with type 1 diabetes treated with insulin pumps. Exp Clin
Endocrinol Diabetes. Oct 2023;131(10):539-547. [doi: 10.1055/a-2118-2011] [Medline: 37473769]

Nimri R, Battelino T, Laffel LM, et al. Insulin dose optimization using an automated artificial intelligence-based
decision support system in youths with type 1 diabetes. Nat Med. Sep 2020;26(9):1380-1384. [doi: 10.1038/s41591-020-
1045-7] [Medline: 32908282]

Burnside MJ, Lewis DM, Crocket HR, et al. Open-source automated insulin delivery in type 1 diabetes. N Engl ] Med.
Sep 8,2022;387(10):869-881. [doi: 10.1056/NEJM0a2203913] [Medline: 36069869]

Pankowska E, Szypowska A, Lipka M. Basal insulin and total daily insulin dose in children with type 1 diabetes using
insulin pumps. Pediatr Diabetes. Jun 2008;9(3 Pt 1):208-213. [doi: 10.1111/j.1399-5448.2008.00375 x] [Medline:
18547235]

Bachran R, Beyer P, Klinkert C, et al. Basal rates and circadian profiles in continuous subcutaneous insulin infusion
(CSII) differ for preschool children, prepubertal children, adolescents and young adults. Pediatr Diabetes. Feb
2012;13(1):1-5. [doi: 10.1111/j.1399-5448.2011.00777 x] [Medline: 21545675]

https://diabetes.jmir.org/2025/1/e72769 JMIR Diabetes2025 | vol. 10 172769 | p. 13

(page number not for citation purposes)


https://doi.org/10.1109/TBME.2017.2652062
http://www.ncbi.nlm.nih.gov/pubmed/28092515
https://doi.org/10.1109/TBME.2020.3005622
http://www.ncbi.nlm.nih.gov/pubmed/32746043
https://doi.org/10.1002/btm2.10119
http://www.ncbi.nlm.nih.gov/pubmed/30680319
https://doi.org/10.1016/j.conengprac.2023.105762
http://www.ncbi.nlm.nih.gov/pubmed/33584164
https://doi.org/10.1145/1541880.1541882
https://doi.org/10.1145/1541880.1541882
https://doi.org/10.1177/19322968221102183
http://www.ncbi.nlm.nih.gov/pubmed/35703136
https://doi.org/10.1017/S0007114514002128
http://www.ncbi.nlm.nih.gov/pubmed/25231499
https://doi.org/10.1109/TBME.2007.893506
http://www.ncbi.nlm.nih.gov/pubmed/17926672
https://bioinfopublication.org/files/articles/2_1_1_JMLT.pdf
https://doi.org/10.1089/dia.2023.0323
http://www.ncbi.nlm.nih.gov/pubmed/37795883
https://doi.org/10.1002/cnm.2833
http://www.ncbi.nlm.nih.gov/pubmed/27644067
https://doi.org/10.1109/RBME.2009.2036073
http://www.ncbi.nlm.nih.gov/pubmed/20936056
https://doi.org/10.1088/0967-3334/25/4/010
http://www.ncbi.nlm.nih.gov/pubmed/15382830
https://doi.org/10.2337/dc12-1705
http://www.ncbi.nlm.nih.gov/pubmed/23404300
https://doi.org/10.1177/1932296820972691
http://www.ncbi.nlm.nih.gov/pubmed/33251851
https://doi.org/10.1055/a-2118-2011
http://www.ncbi.nlm.nih.gov/pubmed/37473769
https://doi.org/10.1038/s41591-020-1045-7
https://doi.org/10.1038/s41591-020-1045-7
http://www.ncbi.nlm.nih.gov/pubmed/32908282
https://doi.org/10.1056/NEJMoa2203913
http://www.ncbi.nlm.nih.gov/pubmed/36069869
https://doi.org/10.1111/j.1399-5448.2008.00375.x
http://www.ncbi.nlm.nih.gov/pubmed/18547235
https://doi.org/10.1111/j.1399-5448.2011.00777.x
http://www.ncbi.nlm.nih.gov/pubmed/21545675
https://diabetes.jmir.org/2025/1/e72769

JMIR DIABETES Gasca Garcia et al

41. Biester T, Eckert A, Becker M, et al. Expected basal insulin requirement during continuous subcutaneous insulin
infusion therapy by age group, sex, and body mass index, based on 25,718 young people with type 1 diabetes in the DPV
registry. Diabetes Technol Ther. Nov 2023;25(11):774-781. [doi: 10.1089/dia.2023.0283] [Medline: 37668604]

42. Faccioli S, Sala-Mira I, Diez JL, et al. Super-twisting-based meal detector for type 1 diabetes management: improvement
and assessment in a real-life scenario. Comput Methods Programs Biomed. Jun 2022;219:106736. [doi: 10.1016/j.cmpb.
2022.106736] [Medline: 35338888]

43. Kolle K, Biester T, Christiansen S, Fougner AL, Stavdahl O. Pattern recognition reveals characteristic postprandial
glucose changes: non-individualized meal detection in diabetes mellitus type 1. IEEE J Biomed Health Inform. Feb
2020;24(2):594-602. [doi: 10.1109/JBHI.2019.2908897] [Medline: 30951481]

44. Turksoy K, Samadi S, Feng J, Littlejohn E, Quinn L, Cinar A. Meal detection in patients with type 1 diabetes: a new
module for the multivariable adaptive artificial pancreas control system. IEEE J Biomed Health Inform. Jan
2016;20(1):47-54. [doi: 10.1109/JBHI.2015.2446413] [Medline: 26087510]

45. Dassau E, Bequette BW, Buckingham BA, Doyle FJ 3rd. Detection of a meal using continuous glucose monitoring:
implications for an artificial beta-cell. Diabetes Care. Feb 2008;31(2):295-300. [doi: 10.2337/dc07-1293] [Medline:
17977934]

46. Cameron F, Niemeyer G, Buckingham BA. Probabilistic evolving meal detection and estimation of meal total glucose
appearance. J Diabetes Sci Technol. Sep 1,2009;3(5):1022-1030. [doi: 10.1177/193229680900300505] [Medline:
20144415]

47. Lee H, Buckingham BA, Wilson DM, Bequette BW. A closed-loop artificial pancreas using model predictive control and
a sliding meal size estimator. J Diabetes Sci Technol. Sep 1, 2009;3(5):1082-1090. [doi: 10.1177/193229680900300511]
[Medline: 20144421]

48. Weimer J, Chen S, Peleckis A, Rickels MR, Lee I. Physiology-invariant meal detection for type 1 diabetes. Diabetes
Technol Ther. Oct 2016;18(10):616-624. [doi: 10.1089/dia.2015.0266] [Medline: 27704875]

49. Personalised basal tuner (PBT) — software compendium. Zenodo. URL: https://zenodo.org/records/17675142 [Accessed
2025-11-21]

50. The OhioT1DM dataset. University of North Carolina at Charlotte. URL: https://webpages.charlotte.edu/rbunescu/data/
ohiot1dm/OhioT1DM-dataset.html [Accessed 2025-11-12]

Abbreviations
BG: blood glucose
BR: basal rate
CGM: continuous glucose monitoring
LMICs: low- and middle-income countries
PBT: personalized basal tuner
T1DM: type 1 diabetes mellitus
TIR: time in range

Edited by Weihao Wang; peer-reviewed by Ajay Thankamony, Temitope David; submitted 17.Feb.2025; final revised
version received 18.Aug.2025; accepted 23.Sep.2025; published 26 .Nov.2025

Please cite as:

Gasca Garcia D, Thabit H, Nutter PW, Harper S

Toward a Personalized Basal Tuner for Detecting Basal Rate Inaccuracies in Type 1 Diabetes Mellitus Without Meal Data:
Algorithm Development and Retrospective Validation Study

JMIR Diabetes2025;10:¢72769

URL: hitps://diabetes jmir.org/2025/1/e72769

doi: 10.2196/72769

© Daniel Gasca Garcia, Hood Thabit, Paul W Nutter, Simon Harper. Originally published in JMIR Diabetes (https://diabe-
tes.jmir.org), 26.Nov.2025. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in JMIR Diabetes, is properly cited. The complete bibliographic informa-
tion, a link to the original publication on https://diabetes.jmir.org/, as well as this copyright and license information must be
included.

https://diabetes.jmir.org/2025/1/e72769 JMIR Diabetes2025 | vol. 10 172769 | p. 14
(page number not for citation purposes)


https://doi.org/10.1089/dia.2023.0283
http://www.ncbi.nlm.nih.gov/pubmed/37668604
https://doi.org/10.1016/j.cmpb.2022.106736
https://doi.org/10.1016/j.cmpb.2022.106736
http://www.ncbi.nlm.nih.gov/pubmed/35338888
https://doi.org/10.1109/JBHI.2019.2908897
http://www.ncbi.nlm.nih.gov/pubmed/30951481
https://doi.org/10.1109/JBHI.2015.2446413
http://www.ncbi.nlm.nih.gov/pubmed/26087510
https://doi.org/10.2337/dc07-1293
http://www.ncbi.nlm.nih.gov/pubmed/17977934
https://doi.org/10.1177/193229680900300505
http://www.ncbi.nlm.nih.gov/pubmed/20144415
https://doi.org/10.1177/193229680900300511
http://www.ncbi.nlm.nih.gov/pubmed/20144421
https://doi.org/10.1089/dia.2015.0266
http://www.ncbi.nlm.nih.gov/pubmed/27704875
https://zenodo.org/records/17675142
https://webpages.charlotte.edu/rbunescu/data/ohiot1dm/OhioT1DM-dataset.html
https://webpages.charlotte.edu/rbunescu/data/ohiot1dm/OhioT1DM-dataset.html
https://diabetes.jmir.org/2025/1/e72769
https://doi.org/10.2196/72769
https://diabetes.jmir.org
https://diabetes.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://diabetes.jmir.org/
https://diabetes.jmir.org/2025/1/e72769

	Toward a Personalized Basal Tuner for Detecting Basal Rate Inaccuracies in Type 1 Diabetes Mellitus Without Meal Data: Algorithm Development and Retrospective Validation Study
	Introduction
	Background
	Challenges in BR Optimization
	Objective
	Related Work
	Study Contribution
	Aim and Hypothesis

	Methods
	Ethical Considerations
	Participants
	Materials
	Main Algorithm
	Peak Detection Analysis
	Noninferiority Test
	Precision
	Interindividual Analysis

	Results
	Overview
	Peak Detection Analysis Results
	Noninferiority Test Results
	Precision Results
	Interindividual Analysis Results

	Discussion
	Principal Results
	Comparison With Prior Work
	Limitations
	Conclusions



