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Post-bariatric hypoglycemia (PBH) is a metabolic complication of individuals with obesity who have 
undergone bariatric surgery, characterized by rapid glycemic excursions followed by hypoglycemic 
events usually occurring 1–3 h post-meal. Without an approved pharmacotherapy, dietary 
modifications are essential for managing PBH, with continuous glucose monitoring (CGM) devices 
emerging as crucial tools for capturing postprandial glucose responses that can guide intervention 
strategies to prevent PBH. The effectiveness of such interventions is based on the availability of 
rich datasets, containing both CGM and meal data. However, meal information is often incomplete, 
being its manual recording burdensome and prone to user-related errors. In response, we proposed a 
template match algorithm (TMA) for the retrospective identification of unreported meals using CGM 
data only. TMA relies on a similarity score calculated between a post-prandial glycemic curve template 
and the glycemic trace of interest. Our study demonstrates promising results: TMA correctly identifies 
1237 out of 1340 meals, generating 208 false positives within a dataset of 20 PBH subjects monitored 
in free-living conditions for nearly 50 days, yielding a median F1-score of 0.90. The effectiveness of 
TMA enables its use to enhance data quality in long-term studies involving PBH patients, facilitating 
the development of new approaches to manage PBH.

Roux-en-Y gastric bypass (RYGB) is one of the most commonly practiced bariatric surgery procedure1,2 
and a highly effective treatment for obesity with numerous demonstrated health benefits3,4. However, a large 
proportion of operated individuals experience postprandial hypoglycemia5, a condition often referred to as post-
bariatric hypoglycemia (PBH). Usually, PBH occurs 1–3 h after food intake, especially when a high amount of 
carbohydrates is ingested. It is characterized by a post-prandial hypoglycemic episode, defined as a post-prandial 
glucose of < 54 mg/dL as suggested by the International Hypoglycemia Study Group6. PBH can manifest with 
autonomic (e.g., trembling, anxiety, palpitations, sweating) and neuroglycopenic symptoms (e.g., fatigue, 
concentration difficulties, confusion, vision changes)7, and can be dangerous in the short terms causing seizures, 
loss of consciousness and even death. Although PBH is well-documented in the scientific literature5,7–9, its exact 
pathophysiological mechanisms remain under active investigation.

Eating behavior, especially the timing and frequency of meals, is of great interest in this context, as post-
surgery eating patterns are known to change significantly9. Moreover, dietary adjustments are a cornerstone 
in managing PBH, especially in the absence of approved pharmacotherapy. Their goal is to mitigate glycemic 
spikes and excessive insulin secretion, thereby reducing the frequency and severity of hypoglycemia episodes 
and improving safety for these individuals. However, accurate self-logging of food intake, which is key for 
clinicians to tune dietary adjustments, can be burdensome and prone to user-related errors, often resulting in 
incomplete and biased data, particularly in long-term studies. This difficulty highlights the need for reliable 
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methods for determining meal timing, which can have significant applications in both clinical and research 
settings, to understand the glycemic response to meals and develop strategies for preventing and managing PBH.

Continuous glucose monitoring (CGM) sensors can be a crucial instrument in this context10. These 
minimally-invasive devices measure blood glucose concentration every 1–5 min for several days and provide 
real-time data to users via mobile applications, thus enabling continuous monitoring of glucose fluctuations. By 
offering detailed insights into glycemic patterns, CGM sensors can help identify key events, such as postprandial 
glucose responses. In individuals with PBH, meal-related hypoglycemia is typically preceded by rapid rises in 
glucose levels, leading to large glucose spikes7. This particular setting represents a suitable use case for template-
matching algorithms (TMA), which are widely used in signal processing and have demonstrated strong 
performance in detecting specific patterns within complex datasets11–13, offering a potential solution for meal 
detection.

In this work we present a TMA designed to retrospectively identify unreported meals in CGM data from 
individuals with PBH, thus enabling the enrichment of datasets, and improving their completeness and 
reliability. Addressing the challenge of missing meal information could enable a deeper understanding of meal 
behavior, post-meal glucose responses, and hypoglycemia patterns, which plays a critical role for developing 
effective strategy, e.g., dietary ones, to improve PBH management. The algorithm, which relies on CGM data 
only, was developed, validated and tested on a dataset comprising 3,698 meals from 20 subjects diagnosed by 
PBH, recorded in free-living conditions. To evaluate the efficacy of our approach, we conducted a comparative 
analysis against a baseline naive approach based on glycemia information and the state-of-art algorithm for PBH 
meal detection integrated into the hypoglycemia prediction framework proposed by Laguna-Sanz14.

Results
The identification of unreported meals in the CGM traces has been performed by resorting to the template 
matching technique, a well-established methodology that measures similarity between two signals (the detailed 
strategy is described in section “The template matching procedure”). Briefly, TMA identifies portions of CGM 
data which are “similar enough” to a pre-established personalized template of the post-prandial glycemic 
response. Indeed, if the similarity measure is above a patient-specific threshold TH, to be tuned, a post-prandial 
period is detected, as well as the meal timing. Despite its long history of application, to the best of our knowledge, 
its specific utilization for meal detection from CGM data remains unexplored.

The data used for TMA development came from 20 PBH subjects monitored for almost 2 months in free-
living conditions. Participants were instructed to annotate into an electronic diary the information regarding 
meals (i.e., the timing of the meal and whether it contained more or less than 30 grams of carbohydrates), from 
now on referred to as self-reported meals. More details about the dataset can be found in section “Dataset”.

Once identified the personalized TH (for details see section “Threshold optimization”), the performance 
of TMA has been assessed on a test set by measuring: i) true positives (TPs), indicating those meals identified 
by TMA which were actually reported by the subjects; ii) false positives (FPs), i.e., meals identified by TMA 
which were not meal events; iii) false negatives (FNs), indicating that TMA did not detect meals which were 
actually reported; and, when possible iv) true negatives (TNs), indicating that TMA did not detect meals when 
the subjects did not report them. Then, we calculated recall, precision and F1-score (see Eq. (1)) to evaluate the 
performance of TMA:

	
recall = T P

T P + F N
precision = T P

T P + F P
F 1 − score = 2 ∗ precision ∗ recall

precision + recall
� (1)

In the following paragraphs, we will walk the reader through the different scenarios we developed for providing 
a comprehensive assessment of the proposed algorithm. In the “ideal scenario”, we investigated the potentiality 
of TMA by assessing its ability to distinguish among regions of CGM data comprising meals vs regions without 
meals, manually selected prior the development of TMA. Once established its functionality in this setting, we 
move one step further by applying the proposed detection methodology on the entire CGM trace, in the so-
called “real-world scenario”.

TMA performance in the ideal scenario
The first objective is to assess TMA ability to distinguish whether a meal is present or not within the CGM trace. 
To this aim, we partitioned CGM data in regions, namely region-of-interest (ROI). In particular, we considered: 
(1) meal ROIs, portions of CGM data where a meal is reported by the patient, and (2) no-meal ROIs, portions 
of CGM data where no meals have been ingested. For more details on how these regions have been extracted 
we refer the reader to section “Pre-processing of data”. The dataset resulted in a total of 2075 meal ROIs and 733 
no-meal regions, which have been opportunely divided into train and test sets based on a 60:40 proportion (see 
Section “Train/Test split”).

In terms of classification performance, the algorithm considers one ROI at a time, and the similarity score 
between the template and the CGM trace within the ROI is calculated. In case of meal ROIs, if the score is above 
the personalized threshold, the meal is classified as TP, otherwise it is classified as FN. Regarding no-meal ROIs, 
if the score is above the threshold, the trace is classified as FP, otherwise it classified as TN.

The train set has been used for identifying the patient-specific THs, reported in Table 1 (see “ideal scenario”): 
the large variability of optimal TH among subjects (3.24 [2.64–5.00]·103, median [25th–75th percentile]; 
minimum value: 0.98 ·103, maximum value 1.08 ·104) further supports our choice to personalize TMA. Train 
set performance with optimal TH values results in a median F1-score of 0.99. This value, obtained in ideal 
scenario we designed, can be considered as the theoretical upper bound performance that can be achieved by 
TMA, thus proving that TMA stands as a suitable approach for the identification of unreported meals.
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After TH optimization, TMA performance has been evaluated on the test set. The results are shown in Table 
1 (see “ideal scenario”) in terms of median [25th–75th percentile] for recall, precision, and F1-score, and as total 
number for TN. The results in the ideal scenario, where the algorithm is fed only with CGM regions containing 
self-reported meals (meal ROIs) and no-meal periods (no-meal ROIs), are promising: TMA detected 691 self-
reported meals out of 714, ensuring a median recall of 0.97 within the subjects. It correctly classified 232 no-meal 
regions out of the total as TN, misclassifying only 8 no-meal regions as FP and resulting in a median precision 
of 1.00. The median F1-score, derived from these values, is 0.98.

Besides the detection of postprandial period, TMA allowed to identify the timing of meal intake (for details 
see section “Meal timing estimation”). To this end, we evaluated the time difference between the time of meal 
reported by the patient and the time of meal estimated by TMA. Approximately, the time estimation error is 
about 5 min, meaning that TMA is also able to accurately identify the timing of meal intake.

TMA performance in real-world scenario
Based on the encouraging results achieved in the ideal scenario, we moved a step further. Unlike the previous 
analysis, which evaluated only meal ROIs and no-meal ROIs, in the real-world scenario TMA is applied to the 
entire glycemic trace, thus mirroring the practical use of the algorithm. In daily-life setting, missing CGM values, 
spurious oscillations of glucose levels due to time-varying drift in sensor accuracy15, compression artifacts, 
and consecutive meals within a short time interval can lead to false and erroneous detections, challenging 
the robustness of the developed approach. Additionally, as previously stated, a critical issue which negatively 
influences the training and a fair assessment of TMA is the presence of unreported meals. To this end, the 
original data logged by the patients were supplemented with accurate meal information manually reported via 
visual inspection by two clinicians and an expert in the field, all of whom were blinded to the TMA development 
and assessment process. This process identified 1623 unreported meals, bringing the total to 3698 events when 
combined with the patient-reported meals. The identified portions of data are referred to as unreported-meal 
ROIs and are described in detail in section “Pre-processing of data”.

As in the previous scenario, the evaluation considers one meal at a time and calculates the similarity score 
between the template and the CGM trace. If the score is above the personalized threshold, the meal is classified 
as TP; otherwise it is classified as FN. Since the whole trace is considered in this case, any peak in the similarity 
score that does not correspond to a meal is classified as FP.

The train set has been newly used to identify patient-specific TH values, which are reported in Table 1 (see 
“real-world scenario”). The new optimized threshold results in a larger median value compared to the previous 
optimized one (5.29·103 vs 3.24·103 for real-world and ideal scenarios, respectively). This can be partially 
expected as real data poses several issues besides unreported meals, such as glucose fluctuation due to, e.g., 
exercise, stress and hormones, and sensor noise. Since TH is optimized maximizing F1-score, as explained in 
section “Threshold optimization”, a higher value of TH can be explained as the effort of the optimization process 
in balancing TPs and FPs, trying to account for a low number of FPs. Train set performance results in a F1-score 
of 0.89, which now accounts for 2358 meal ROIs. The training procedure can also be visualized in Figure 1: each 
line corresponds to the training phase of a specific subject, while the red dots identify the best performance (in 
the train set) obtained in terms of F1-score. The operative points satisfactorily approach the ideal one, in the 
upper-right corner (red star), for which both precision and recall are equal to one. Of note, in two out of 20 
patients, TMA yielded lower F1-scores in the training set due to a 31% average reduction in precision, primarily 
driven by increased false positives likely caused by noisier CGM data.

As regards test set performance, now calculated on 1340 meals, Table 1 (see “real-world scenario”) displays 
them in terms of median [25th–75th percentile] of recall, precision and F1-score: in the real-world scenario 
TMA results in a median F1-score of 0.90, detecting 1237 meals out of 1340, counting 0.78 FPs/day. Median 
recall and precision result in 0.92 and 0.87, respectively.

TMA comparison vs state-of-art strategies
Once obtained the final version of personalized TMA, we compared its performance with the state-of-art 
methodologies described in section “Comparators”: a naive approach based on glycemic information (nGly) and 
an algorithm already published in the literature (LS). Table 2 shows the results in terms of median [25th–75th 
percentile] of recall, precision and F1-score.

Compared to other methodologies, TMA results in higher recall and precision: median recall of 0.92 vs 0.67 
and 0.69; and median precision of 0.87 vs 0.81 and 0.79 for TMA, nGly and LS, respectively. The naive algorithm 
and the state-of-art exhibit comparable performances, both yielding a median F1-score of 0.71. However, they 
generate 236 and 254 FP, and 471 and 463 FN, respectively, calculated overall the 20 subjects. In contrast, TMA 
enhances their F1-score by +0.19, resulting in 208 FP and 103 FN.

Scenario Recall Precision F1-score TN T H  (mg2/dL2  min)

Ideal scenario 0.97 [0.94–1.00] 1.00 [0.99–1.00] 0.98 [0.96–1.00] 232 3.24 [2.64–5.00]·103

Real-world scenario 0.92 [0.90–0.94] 0.87 [0.82–0.91] 0.90 [0.87–0.91] NE 5.29 [4.17–7.13]·103

Table 1.  Test set performance in terms of median [25th–75th percentile] of recall, precision and F1-score 
in the two cases analyzed (TN are reported as overall value); and related optimized threshold values.  true 
negative (TN), not evaluable (NE), TH meal detection threshold.
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Discussion
An effective management of post-bariatric hypoglycemia requires a comprehensive understanding of disease’s 
key aspects, such as meal behavior, post-meal glucose responses, and hypoglycemia patterns, which depends 
on the availability of high-quality data containing that relevant information. In this study, we introduce a 
personalized template match-based algorithm for offline identification of unreported meals in patients who 
underwent RYGB surgery. TMA can be employed as a valuable pre-processing step to enhance data quality 
in long-term studies, particularly when patients struggle to manually record each meal, and can also be used 
to enrich existing datasets lacking meal information. By improving the completeness and reliability of these 
datasets, TMA can facilitate the development of tailored strategies for PBH management.

Initially, we evaluated the ability of TMA to distinguish whether or not a meal is present in a selected portion 
of the CGM trace (“ideal scenario”). Our findings confirm the suitability of the template matching technique 
for this specific task, achieving a median F1-score of 0.98 in the test set. Specifically, TMA accurately classified 
97% of self-reported meals, while only misclassifying 0.03% of no-meal ROIs. In the “real-world scenario”, 
a deterioration of TMA performance is expected, as real data poses several challenges. Here, to simulate the 
application of TMA in a practical scenario, we evaluated the algorithm considering the entire CGM trace (the test 
set comprised 266 days, i.e., 76,608 CGM samples). Under these conditions, TMA successfully detected 545 out 
of 590 unreported meals, demonstrating its ability to discern meals among glucose fluctuations not necessarily 
associated with a meal. TMA also ensures to correctly detect 92% of the total meals generating only 0.78 FP/
day. Comparing TMA with other available methodologies, TMA outperformed state-of-art methodologies in 
terms of both correct identification of unreported meals and generation of false positives, achieving better recall, 
precision and F1-score than nGly and LS. For an accurate and objective estimation of meal timing, we evaluated 
it solely in the ideal-scenario, where meal ingestion time was self-reported by the individual. As a matter of fact, 
the real-world scenario also includes unreported meals, manually labeled via visual inspection by clinicians and 
expert users, whose meal timing is unknown. Focusing only on meals reported by the users in the ideal-scenario, 
TMA provides precise meal timing estimation, with a mean time error of approximately 5 min. Achieving such 
a small error was expected given the offline application of TMA.

Due to the large intra-individual variability characterizing PBH population, a key element of TMA is 
personalization. It is realized by taking into account two key elements: the post-prandial response template 
and the meal detection threshold TH that is used to detect a meal. TMA personalization is essential to tailor 
the specific subject and to achieve accurate performances within the described framework. However, to create 
the individualized template and to tune the personalized TH some pilot data are necessary. At least two weeks 
of monitored glucose data should be used to retrieve the detection threshold TH, and the patient must report 
five meals to create their specific template. Although the overall results demonstrate that the proposed TMA 

Methodology Recall Precision F1-score

nGly 0.67 [0.57–0.80] 0.81 [0.67–0.88] 0.71 [0.64–0.76]

LS 0.69 [0.57–0.74] 0.79 [0.67–0.86] 0.71 [0.67–0.77]

TMA 0.92 [0.90–0.94] 0.87 [0.82–0.91] 0.90 [0.87–0.91]

Table 2.  Test set performances comparison with other methodologies in terms of median [25th–75th 
percentile]. Naive algorithm based on glycemic information (nGly), Laguna-Sanz algorithm (LS), template 
matching algorithm (TMA).

 

Fig. 1.  Subjects’ precision-recall curves during training in real-world scenario. Each line corresponds to the 
training phase of a specific subject, the red dots identify the best performance in terms of F1-score.
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outperforms all state-of-art comparators, preliminary data availability may impose some burden on clinical 
trial design and existing dataset pre-processing. Therefore, this issue must be kept in mind. Nonetheless, as 
reported in “Supplementary material”, the less demanding version of TMA which uses a population template 
and population-tuned TH, also achieved promising results compared to the state-of-art. Specifically, this version 
showed median F1-score, recall and precision of 0.86, 0.90, and 0.86, respectively (vs, 0.71, 0.67, and 0.81 of nGly 
and 0.71, 0.69, and 0.79 of LS). This version can thus be used at first glance, while recording data from which, 
subsequently, retrieve the information necessary to customize the algorithm.

To further enhance TMA, the personalized template could be adapted over time using a run-to-run policy 
by integrating self-reported meals and recent subject-specific dynamics. Additionally, behavioral factors, such as 
usual meal times and composition, could improve the differentiation between meals. These refinements can be 
helpful to better identify unreported meal which are temporally close, addressing a critical aspect of this TMA 
version. These will be the objective of future investigations, along with the expansion of the current dataset and 
the creation of a user-friendly graphic interface that integrates TMA, aiming to facilitate accessibility for doctors 
and engineers, which will easily have access to suggestion for unreported meal positions. Nevertheless, the 
simplicity of the algorithm proposed in this work is essential to underscore its intrinsic potential-a potential that 
is supported by the presented results. Another possible application of TMA can be its adaptation to individuals 
with type 1 diabetes (T1D), where unreported meal detection remains a significant challenge, contingent 
on adequate methodology adjustments. While real-time use in T1D insulin therapy would require further 
development, exploring its offline application to this population’s data will be part of our future work.

As a conclusive remark, the pre-processing steps detailed in our study, which involved both clinicians 
and experts in the field, as explained in section “Pre-processing of data”, were necessary for providing a fair 
assessment of the proposed methodology but are not required for a real-world application of TMA, which is 
designed to be used directly on CGM traces.

Methods
The template matching procedure
The template matching technique is extensively utilized in both image and signal processing to localize and 
identify patterns by means of a similarity score between a template and a target signal11–13. Typically, the 
similarity measure between two signals, represented as x of length N and t of length M (M < N ), is assessed 
using cross-correlation. In the case of finite discrete real signals, cross-correlation is defined as:

	
Rtx(n) = (t ⋆ x)(n) =

M∑
m=1

t(m) · x(n − m), n = M + 1 : N � (2)

Figure 2 represented an illustrative example of how the template matching algorithm works. Figure 2a shows 
an example of post-prandial period, used as template of the shape we want to detect, i.e., t. Figure 2b shows the 
functioning of TMA: the top panel shows the sensor glucose trace (x in Eq. 2), and the post-prandial periods 
we want to detect through TMA (target events) highlighted by the red dashed area. The bottom panel shows the 
similarity measure computed between x and t. The red dotted line indicates the threshold (TH) above which the 
algorithm identifies an event (post-prandial periods). In the top panel, the red dots indicates where TMA suggest 
to locate the detected meal (see section “Meal timing estimation”). As explained in the following paragraph, the 
identification of TH requires an optimization procedure.

The computation of the cross-correlation can be viewed as the output of a linear time-invariant moving-
average filter applied on the glucose trace. More specifically, the order of the filter is denoted by M and the 
coefficients bj , j = 1, 2, ...M  are the samples of the template: b1 corresponds to the last sample tM , b2 
corresponds to the second last tM−1, until bM  which correspond to template’s first sample t1.

	

y(n) =
∑M

j=1 bj · x(n − j)
=

∑M

j=1 tM−j+1 · x(n − j)
� (3)

Following a comparison process with TH, the filter outputs y(n), i.e., the cross-correlation between the signals, 
identifies the presence or absence of the desired waveform. Therefore, a crucial step of this methodology is the 
identification of a suitable template.

Personalized template
Considering the large variability of individuals’ responses to food intake, the design of a personalized template of 
post-prandial glucose profile is preferable. Defining a robust and representative template is a challenging task16. 
To this aim, we selected for each patient, five post-meal periods such that: (1) post-prandial glucose dynamics 
are aligned with the physiological expectation that, after a meal, glucose level increase and is followed by a 
sharp decrease to low glucose concentrations, (2) there are no missing data on CGM readings, (3) the are no 
artifacts due to mechanical sensor compression, and iv) each period starts from the euglycemic range. The five 
post-prandial curves were aligned based on their peak values and then averaged to simulate a typical response to 
carbohydrate intake, as shown in Fig. 3a: as a result, the template (black dotted line) is computed where a sample 
from each curve is available. In Fig. 3b, the personalized templates retrieved for each subjects are reported.
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Threshold optimization
Once the template has been identified, the cross-correlation between the template and the sensor glucose trace 
can be computed. Post-prandial periods are detected in the sensor glucose trace if the cross-correlation between 
the two signals (the template and the glucose trace) exceeds a certain threshold value, denoted as TH.

To select a suitable TH for each subject, we conducted a grid-search approach, exploring a range from the 
minimum to the maximum value of the cross-correlation of each specific subject, and choosing the value of TH 
that maximize the F1-score on the train set. The optimized TH is then used on the test set.

Meal timing estimation
After the detection of a post-prandial period, the TMA allowed us to provide an estimate of the timing of meal 
intake. As a matter of fact, the local maximum of the similarity score is achieved when the template is overlapping 

Fig. 3.  Example of the personalized template creation as average of five aligned meals of a specific subject (a) 
and the personalized templates retrieved from each of the 20 subjects (b).

 

Fig. 2.  (a) Example of post-prandial curve template. (b) Example of template matching algorithm for meal 
detection functioning. In the top panel, the glucose trace and the target events, i.e., the post-prandial curves, 
highlighted with the red area, are reported, along with the estimated meal time (red dots). In the bottom panel, 
the similarity score between the glucose time-series and the template is displayed. As explained in section 
“Evaluation”, when a local maximum in the cross-correlation exceeds a threshold (bottom panel, red dotted 
line), a post-prandial curve is detected, and the meal timing is retrieved as detailed in section “Meal timing 
estimation”.
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the postprandial period. This means that the meal ingestion has occurred τ  min before the peak of the similarity 
score, with τ  equals to half of the size of the proposed template.

Evaluation
TMA performance was evaluated as the ability to detect meals events. In particular, this process unfolds as follow. 
For each meal, self-reported ones for the ideal scenario and a combination of self-reported and unreported ones 
for the real-world scenario, the algorithm considers the time window from 15 min before the meal to 2 h after the 
meal. This specific post-prandial window has been accurately chosen, consistently with the literature7, to address 
potential errors in the reported meal timing while ensuring the complete inclusion of the post-prandial curve. 
The subsequent step includes searching for an eligible peak, defined as a local maximum in the cross-correlation 
within the defined window and above TH. For each meal region, we count:

•	 a TP if an eligible peak is present, indicating a match between the detected meal and the actual meal reported 
in the data;

•	 a FN if a meal had been reported but no eligible peak is present, thus not detected by TMA.

In the ideal scenario, TN and FP are calculated within the no-meal regions. For each of them, we count:

•	 a FP if at least one eligible peak is present in the region, accounting for a false meal detection by TMA;
•	 a TN otherwise.

In the real-world scenario, where the entire trace was considered, FP were counted for each peak in cross-
correlation above TH when the subject did not report a meal. From TP, FP and FN, we calculated the aggregated 
metrics of recall, precision and F1-score, already introduced in Eq. (1).

Of note, as highlighted in Fig. 2, TMA necessitates of a burn-in phase to well-calculate the cross-correlation. 
Indeed, this signal is characterized to an initial transitional phase where its values lack reliability, as they are 
computed without considering the entire template (the reader can imagine the template gradually sliding over 
the target signal from the left). This clearly occurs at the beginning of the signal, but the same problem occurs 
when the signal is interrupted by some missing values: more details on how we dealt with this issue are reported 
in “Pre-processing of data”.

Dataset and pre-processing
Dataset
The dataset used in the present work derives from an observational study (NCT05212207) conducted at the 
University Hospital of Bern (Switzerland). The study included individuals aged 18 years or older (age: 52 [43.0–
61.8] years, 76.5% female, post-surgery BMI: 24.7 [24.7–27.7] kg/m2; median [25th–75th percentile]) who 
had undergone RYGB and had confirmed PBH. Key exclusion criteria included other causes of hypoglycemia, 
pregnancy or lactation. Full details on the data collection are reported in17. The study was approved was approved 
by the Ethics Committee Bern (Kantonale Ethikkommission für die Forschung Bern, 3010-Bern, Switzerland, 
Project ID 2021-02086) and was conducted in accordance with the Declaration of Helsinki, the principles of 
Good Clinical Practice, and the local legal requirements. Participants provided written informed consent prior 
to study-related procedures.

Participants were instructed to wear and calibrate a blinded Dexcom G6 sensor (Dexcom, Inc., San Diego, 
CA) while keeping an electronic diary with information such as meals, sleep, and activity for 50 days, recorded 
in free-living conditions.

Specifically regarding meals, participants were asked to log the time of ingestion and whether the meal 
contained more or less than 30 grams of carbohydrates. For TMA development, only sensor glucose data and 
meal timing information were utilized.

Pre-processing of data
To test algorithm’s performance in the ideal scenario, which includes segments with self-reported meals and 
portions without meals, thus under controlled conditions, some pre-processing steps were necessary.

First, we maximized the portions of data uninterrupted by missing values. For this, short sequences of 
missing CGM data (<30 min) were interpolated, preserving the natural glucose behavior; and remaining signal 
sequences without a minimum amount of glucose data were discarded, which could potentially lead to the 
exclusion of some meals. This was necessary to maximize the portion of cross-correlation calculated considering 
the overlap of the entire template, as mentioned previously in section “Evaluation”.

In Table 3 the amount of glucose data, the number of self-reported meals and the number of missing values 
regions before and after the first step of pre-processing are reported as median [25th–75th percentile].

Glucose data
 (days)

Self-reported meals
 (unitless)

Missing value regions
 (unitless)

Original 38.5 [29.5–45] 164 [115–247] 33 [22–57]

Processed 33 [20–43] 116 [59–174] 13 [8–15]

Table 3.  50-subject dataset summary before and after the pre-processing first step.
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For the second step, we selected the first 20 subjects with at least 14 monitoring days. This duration was 
deemed reasonable as it allowed for dataset division into train and test sets, crucial for optimizing the parameter 
used by TMA and testing its performance.

Due to the intrinsic uncertainty of patient-logged entries, which can lead to missing information, timing 
inaccuracies, and incorrect logs, the establishment of a reliable ground truth is necessary for an accurate 
assessment of TMA. For this reason, clinicians and experts in the field manually labelled by visual inspection 
three distinct regions within the glucose traces: (1) ROIs for self-reported meal, capturing the post-prandial 
period of a patient self-reported meal (mean duration: 200 min); (2) ROIs for unreported meal, capturing the 
post-prandial period of an unreported meal (mean duration: 194 min); and (3) ROIs for no-meal, representing 
sections of glucose data without any self-reported or unreported meals (mean duration: 315 min). Each ROI for 
unreported meals had also its supposed time of ingestion flagged for reference.

An example of the three ROIs is graphically shown in Fig. 4.
This resulted in data from 20 subjects with 41.5 [28.4–45.0] of monitoring days median [25th–75th percentile] 

and a total of 2075 self-reported meals (84 [47–145] per subject), 1623 flagged unreported-meals (71 [44–129]) 
and 733 no-meal regions (36 [23–43]) for the development and testing of the TMA. Among the 3698 total meals, 
the glucose nadir was observed, on average, 122 min after the meal, with a mean value of 72 mg/dL. A total of 
586 meals were followed by PBH, with a nadir observed at 120 min after the meal, aligning with the literature7, 
and an average glucose level of 45 mg/dL.

Meal ROI and no-meal ROI were used for the evaluation of the ideal scenario, whereas the combination of 
meals from meal ROIs and unreported meal ROIs was utilized for the evaluation of the real-world scenario.

When calculating the cross-correlation between the glucose trace and the template, zero-phase digital 
filtering was applied to the CGM data to reduce noise while ensuring minimal phase distortion and preserving 
the natural characteristics of the signal.

Train/Test split
To determine the optimal personalized TH for meal detection, we partitioned the dataset into train and test sets.

Initially, for the analysis under ideal conditions, we divided each glucose trace in a 60:40 proportion based 
on the number of self-reported meals, thus ensuring a balanced number of meals in train and test sets. It was 
ensured that the split occurred at the first missing value available, preserving the integrity of long sequences of 
glucose data. As we expanded our considerations to include labelled unreported meals, thus in the real-world 
scenario, we re-calibrated the train/test split. This time, it followed a 60:40 ratio calculated from the combined 
count of self-reported and unreported meals, flagged during the pre-processing second step.

In Table 4 some details of the splits are reported.

Comparators
We compared the performance of the TMA to two other meal detection algorithms. We selected a naive approach 
(nGly) based on glycemic values and glucose rate of change (ROC), i.e., glycemia first derivative calculated over 
the previous 15 min. Meals are detected when sensor glucose values exceeds 150 mg/dL with positive ROC. 
nGly is characterized by a shut-off period of 40 min when a meal is detected. In addition, we implemented the 
sole approach for meal detection in the PBH population (that is integrated into an hypoglyceamia prediction 
framework) and was proposed by Laguna-Sanz et al.14 (LS). The algorithm detects a meal if the last three samples 
of ROC (calculated using a four-sample moving-average filter exceeds 1 mg/dL/min.

Fig. 4.  Example of the three labelled ROIs. From left: glucose corresponding to a self-reported meal (green 
dot) ROI (a); glucose corresponding to a unreported meal ROI, which was also flagged (blue dot) (b); glucose 
corresponding to a no-meal ROI (c).
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Data availability
The data used to support the findings of this study (clinicaltrials.gov: NCT05250271, NCT05212207) are availa-
ble upon reasonable request to their principal investigator: Lia Bally, Prof. Dr. med. et phil., Department of Di-
abetes, Endocrinology, Nutritional Medicine and Metabolism, Inselspital, Bern University Hospital, University 
of Bern (Lia.Bally@insel.ch). The code used for reproducing the results of this manuscript is available at ​h​t​t​p​s​:​/​/​
g​i​t​h​u​b​.​c​o​m​/​e​l​i​s​a​p​e​l​l​i​z​z​a​r​i​/​T​M​A​​​​​.​​
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Glucose data
(days)

Self-reported meal ROIs
(unitless)

Unreported meal ROIs
(unitless)

No-meal ROIs
(unitless)

Self-reported meals based train/test split 492:257 1361:714 1041:582 493:240

Self-reported and unreported meals based train/test split 479:266 1325:750 1033:590 480:253

Table 4.  Train/test split details in the two cases of division based on self-reported meals and based on both 
self-reported and unreported meals.  Results are reported as train:test values.
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