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Abstract. In this paper, we propose a method for detecting failures in
Continuous Glucose Monitors (CGMs) using Transformer-based neural
networks. CGMs are critical for diabetes management, providing contin-
uous glucose level readings. However, failures such as spikes, and loss of
sensitivity can compromise the accuracy of these devices, posing risks to
users’ health. The Transformer architecture, known for its ability to pro-
cess sequential data efficiently, to classify CGM signal segments and iden-
tify faults. The proposed approach is compared against classical methods
such as Long Short-Term Memory, Multi-Layer Perceptron, and Support
Vector Machines. T'he "Iransformer model achieved the highest F1-score,
outperforming the other approaches. Our results demonstrate the po-
tential of Iransformers in improving fault detection in CGMs, ensuring
more reliable diabetes management.

Keywords: Transformers - Glucose continuous monitor - Fault detec-
tion.

1 Introduction

Continuous glucose monitors (CGM) are at the forefront of the transformation
of diabetes management, offering a revolutionary approach to monitoring blood
glucose levels. Diabetes, a chronic condition affecting over 463 million adults
worldwide (diagnosed) [17], is characterized by the body’s inability to produce
or ellectively use insulin, leading to elevated blood glucose levels [14] |3]. With-
out proper management, diabetes can result in severe complications, including
cardiovascular disease, kidney [ailure, and neuropathy [13]. Traditional methods
of glucose monitoring, such as periodic finger-prick tests, are invasive, inconve-
nient, and provide only snapshots of glucose levels. In contrast, CGMs provide
continuous, real-time readings of glucosc levels throughout the day, enabling pa-
tients and healthcare providers to make more informed decisions about insulin
dosing, diet, lifestyle adjustments, and providing continuous readings of glucose
levels in blood throughout the day without relying on periodic finger prick tests
[23].

CGMs work by using a small sensor inserted under the skin to measure glu-
cose levels in the interstitial fluid. These sensors transmit data wirelessly to a
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receiver or smartphone app, allowing users to track their glucose trends and
receive alerts when levels fall outside predefined thresholds [1]. This continuous
stream of data not only improves glycemic control but also reduces the risk of hy-
poglycemic and hyperglycemic episodes, which can be life-threatening. However,
like any electronic device, glucose monitors can experience failures that affect
the accuracy of measurcments and put users’ health at risk|11]. Failures such
as spikes, loss of sensitivity, false detections can lead to unreliable data and po-
tentially harmful treatment decisions |23]. These [ailures can arise from various
factors, such as sensor degradation, electromagnetic interference, or improper
insertion. For example, a sensor spike might result in an erroneously high glu-
cose reading, prompting unnccessary insulin administration and increasing the
risk of hypoglycemia. Conversely, a loss of sensitivity might lead to undetected
hyperglycemia, leaving the patient vulnerable to long-term complications.

Early detection of glucose monitor failures is crucial to ensure the safety and
efficacy of diabetes treatment. Traditional methods of fault detection, such as
laboratory testing and visual inspections, can be costly, time-consuming and are
not always reliable. In recent years, the use of techniques, such as transformers
[18], Kalman filter [10], some nonelinear filters [12], k-medoids clustering algo-
rithm [22], has been explored to improve fault detection in glucose monitors|25,

9].

A Transformer (attention-based encoder—decoder model) is a deep learning
neural network architecture designed to process data streams, such as text, ef-
ficiently and in parallel [19]. It was introduced in 2017 in the article “Attention
is All You Need.” [20] and has revolutionized the field of Natural Language
Processing (NLP) [8]. Unlike previous models, such as Recurrent Neural Net-
works (RNN) or Long-Term Memory Networks (LSTM), Transformers do not
process sequences sequentially, but analyze all parts of the sequence simulta-
neously, which allows capturing long-term dependencies and complex relation-
ships between elements [19].Unlike convolutional networks, Transformers require
minimal inductive biases in their design and are naturally suited as ensemble
functions [6]. Transformers can be seen from threee perspectives: architectural
modification, pre-training, and applications [7]. Transformers are widely used
in various areas, such as medical image synthesis/reconstruction, registration,
segmentation, detection and diagnosis, as well as medical image analysis [4].
They are also used in the field of automatic language processing (ALP) and
computer vision, for modeling time series data [21], among others. This article
proposes a method for fault detection in continuous glucose monitors (CGMs)
using Transformersdue to its performance shown. The article is structured as fol-
lows: Section 2 is the methodology , Section 3 presents the experimental results
obtained through confusion matrices. Finally, Section 4 concludes the paper and
discusses possible future applications.
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2 Methodology

Failure detection will be performed over a delayed vector of size d = 16 con-
taining the measurements of glucose sensor then input of the approaches is
X = {x1,72,...,716} and a binary output where one means without failure
and zero means with failure. The transformer is compared against three classical
approaches to classify, Long short-Term Memory neural network (LSTM) [5],
Multi-Layer Perceptron (MLP)[16,15], and Support Vector Machine (SVM)[2].

The dataset used is Shanghai T2DM presented in |24 which contains mea-
surements of 100 patients for a period of 3 to 14 days with a sensing frequency
of 15 minutes, measurements of a patient are shown in Fig.1.
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Fig. 1: signal of the CGM

Among the time series of some patients there are some instants that were
omitted, to fill the measurcments absent, the previous value was preserved. With
the times series consistent three types of failures were generated artificially, noise,
when it goes to zero and holding the previous value as is shown in Fig.2. Then
a new dataset is produced forming vectors of size d taking all the measurements
with their previous d — 1 values. The previous dataset ends with 82,671 samples
for training and 28,687 samples for testing. For the transformer the input em-
bedding block was excluded as is presented in Fig. 3. Each one of the techniques
were trained for 100 epochs with a binary cross entropy as loss function except
for de SVM which uses a Kernel of radial base.

As the test dataset is unblanced having 21487 without failure and 7200 with
failure being an unbalanced dataset leading to probles such as the accuracy is not
a reliable metric, the models tend to class with more samples more often since
it may not learn the characteristics of the minority class properly. After fitting
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CGM over Time with Error Segments
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Fig. 2: Time series with artificial crrors generated
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Fig. 3: Blocks of the transformer

the model, the metrics of accuracy, precision also called positive predictive rate,
recall named as true positive rate and F1 score were calculated according to

accuracy = TP + TN (1)
YTTPYTN+FP+FN
S L -
Precision = TP + F]’)
TP
il =t )
reca TP T 3)
recision - recall
Fl GO precision - reca (4)

precision + recall

where TP is the number of correct samples classified as the class of interest in
this case are the samples correctly identified as faults, FP are the samples of
the other class incorrectly identified as the class of interest, FN is the number
of samples incorrectly classified as which are of the class of interest but were
classified as other class TN are the correct classification of no interest class.
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3 Results

To measure the performance of the classifiers, a test dataset consisting of 28,687
samples was used. The results were evaluated using confusion matrices, which
provide a detailed breakdown of the model’s predictions compared to the actual
labels. These confusion matrices, shown in Fig. 4, summarize the performance
of the algorithm and allow for further inspection of its effectiveness. To quan-
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Fig. 4: Confusion matrix of all approaches to identify failure

tify the performance of the classifiers, several key metrics were calculated from
the confusion matrices: Accuracy measures the proportion of correctly classi-
fied samples out of the total number of samples. It is a general indicator of the
model’s overall performance. Precision indicates the proportion of true positive
predictions out of all positive predictions made by the model. It reflects the
model’s ability to avoid false positives. Recall represents the proportion of true
positives correctly identified out of all actual positives. It measures the model’s
ability to detect all relevant instances. F1 Score the harmonic mean of precision
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and recall, providing a balanced measure of the model’s performance, especially
useful when dealing with imbalanced datasets.

The metrics calculated from the confusion matrices are presented in Table
1. The results highlight the following key findings: The transformer-based clas-
sifier achieved the best overall performance, with an I*1 score of 0.8236. This
scorc integrates both precision and recall, showing the model’s ability to bal-
ance accurate predictions with comprehensive detection of positive cases. The
transformer outperformed the other models in most metrics, showing an 8% im-
provement in F1 score compared to the second-best model. While the Multilayer
Perceptron (MLP) achieved the highest precision among the classifiers, its over-
all performance was lower than the transformer. This suggests that the MLP is
effective at minimizing false positives but may struggle with false negatives, as
reflected in its lower recall and F1 scores. The remaining classifiers (e.g., LSTM,
SVM) showed competitive results but were consistently outperformed by the
transformer.

The superior performance of the transformer model can be attributed to its
ability to capture complex patterns and dependencies in the data, particularly
in sequential or time-scries datasets like those generated by continuous glucose
monitors (CGMs). Unlike traditional models, transformers take advantage self-
attention mechanisms to analyze the entire sequence of data simultaneously,
enabling them to detect subtle anomalies and long-term trends that other models
might miss.

The MLP’s higher precision indicates that it is more conservative in making
positive predictions, which can be advantageous in scenarios where false positives
are costly. However, its lower recall and F'1 score suggest that it may miss some
true positive cases, which could be critical in applications like fault detection in
CGMs, where missing a failure could have serious health implications.

Table 1: Classification Metrics
Approach  |Accuracy|Precision| Recall| F1 Score
Transformer| 0.9241| 0.9881|0.7060| 0.8236

LSTM 0.8946| 0.8953| 0.6568| 0.7577
MLP 0.8617| 0.9900| 0.4537| 0.6223
SVM 0.8607| 0.9852| 0.4518| 0.6195

4 Conclusions

The proposed method uses Transformer neural network architecture to effec-
tively detect faults in CGMs. By analyzing segments of CGM time series, the
Transformer model showed superior performance compared to traditional meth-
ods such as LSTM, MLP, and SVM, achieving an Fl-score of 82.36%. This
highlights the ability of transformers to capture complex patterns in sequential
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data, making it a promising tool for improving the reliability of sensors. The
results suggest that Transformers can play a significant role in enhancing fault
detection systems, ultimately contributing to safer and more accurate diabetes
management. Future work could explore the application of this approach to other
medical devices and real-time monitoring systems.
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