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Abstract. Type 1 diabetes has become one of the most common chronic diseases nowadays
because patients’ pancreas cannot produce sufficient insulin, which helps the blood sugar to enter
the cells, which will cause them to build up in the bloodstream and leads to complications and
diseases. Therefore, a basal-bolus insulin therapy that contains daily insulin injections has be-
come routine for patients with type 1 diabetes to help regulate the blood sugar level. To better
monitor the blood glucose level, digital health monitors are becoming the trending method for
type 1 diabetes patients. Meanwhile, all the data generated by the digital monitoring devices
made researchers realize that deep learning algorithms could be implanted to help the device
better predict a patient’s blood sugar levels. In this paper, we aim to present a review of testing
several state-of-the-art deep-learning models on blood glucose prediction. We have identified a
literature search and focused on the deep-learning algorithms for glucose management. After
detailed explanations of each model, we employ them on one mutual dataset to identify the direct
prediction results of each model and compare the pros and cons of these models according to the
results report. While all these models have the most advanced frameworks, the lack of feature
varieties and data availability becomes their limitations. However, followed by the increased
focus on the digital health field, these challenges might soon get resolved, which leads to more
comprehensive models that could be further deployed in clinical conditions.
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1. Introduction

Diabetes mellitus is a chronic disease affecting the patient's metabolic process, where their pancreas
cannot produce sufficient insulin or does not work at total capacity (citation). Studies indicate that about
463 million people have diabetes, which is still increasing and is expected to be doubled in 20 years [1].
Based on the etiology of diabetes, three main clinical categories are listed here: type 1 diabetes (T1D),
type 2 diabetes (T2D), and gestational diabetes mellitus (GDM) [2]. This article mainly focuses on type
1 diabetes (T1D). From previous CDC statistical studies on diabetes, approximately 28.7 million people
are diagnosed with diabetes in the U.S. Among them, there are 1.6 million adults diagnosed with type 1
diabetes, which is expected to be doubled by 2040 [2]. Type 1 diabetes is a chronic disease caused by
pancreas dysfunction, resulting in the patient's inability to produce sufficient insulin to deliver glucose
into cells. T1D occurs when the immune system destroys the insulin-secreting beta cells of the pancreas
[3]. Nevertheless, insufficient insulins could severely influence patients' life quality, and it may also
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cause complications involving but not limited to kidney damage, heart and blood vessel disease, and eye
damage [3]. Therefore, the patients must take insulin to help the insufficiency within their bodies. With
the development of the digital health field, continuous blood glucose monitoring (CGM) has become
one of the effective methods of glucose management. Its ability to measure real-time blood glucose data
demonstrates the massive potential in the glucose management field. Nevertheless, researchers further
combine the glucose data with conventional machine learning algorithms to predict short-term blood
glucose levels change in patients to help regulate blood glucose level.

Furthermore, a more empowered method, deep learning, stepped onto the stage of digital healthcare.
Due to the complexity of the pathology of type 1 diabetes, many features, such as the number of meals,
need to be accounted for to predict accurate readings. With convolutional neural networks, large-scale
raw data can be quickly processed without complicated preprocessing, and the higher dimensional mod-
els could handle more complex datasets with various features. While the other review articles recently
demonstrated comprehensive studies on the digital healthcare field and presented the most advanced
deep neural networks (DNNs), they still need to provide a more detailed and direct comparison of dif-
ferent neural network models. In the previous review on deep learning algorithms in T1DM, distinct
datasets are employed to train the model. However, these datasets sometimes do not share mutual fea-
tures, and lack of data availability caused indirect comparison between these models. Due to the increase
in the diabetic population recently, the focus of this paper will help on deciding the most suitable deep
learning models for daily glucose management, which will further benefit the life quality of the patients.
Therefore, this paper will mainly focus on comparing various models with identical datasets with rich
feature amounts to determine the advantage and disadvantages of each model.

2. Deep learning review

Deep learning is commonly employed in healthcare, particularly glucose management. Artificial neuron
networks (ANNSs) initially improved deep learning methods. ANNs are developed by imitating the brain
neurons, which grants the ability to handle complex calculation processes [4]. ANNSs are built with three
major components, input layers, hidden layers, and output layers. As the number of hidden layers in-
creases, the ANN can analyze more data features and simulate human brain behaviors. However, as the
model becomes more complex and new frameworks are being developed, the hardware cannot follow
the steps of software, which becomes the limitation of ANNSs. Fortunately, the potential of ANNs made
people believe in its future in data analysis and many other fields, such as automation. Followed by the
rapid evolution of computer hardware like graphic processing units (GPUs) from decades ago, the ca-
pability of deep learning also gets further developed. Nowadays, many developers have built generations
of supporting software frameworks like Theano [5], Tensorflow [6], and Pytorch [7] to help people
quickly build in-depth deep neuron networks (DNNS).

Although various DNN models are built by different frameworks, they could be generally divided
into three categories: supervised learning, unsupervised learning, and reinforcement learning. Unsuper-
vised learning uses an unlabeled dataset for model training, meaning the algorithms will learn limited
or no information from the dataset. They are typically involved in tasks like grouping and dimensionality
reduction. On the other hand, reinforcement learning also involves using unlabeled data. However, the
model will explore new strategies to complete the assigned tasks and try to balance the exploitation and
exploitation of the strategies. Unsupervised and reinforcement learning generally has unique character-
istics mainly used as feature detections and approximations. However, the mainstream method for glu-
cose management region is supervised learning due to its capability on network weights and potential
in large-scale handling features during model training [8] [9].

From the literature we reviewed, there are four types of supervised learning algorithms used in glu-
cose management: deep multilayer perceptrons (DMLPs), convolutional neural networks (CNNs), and
recurrent neural networks (RNNS). In the healthcare region, the purpose of DMLPs is the function of
fully connected (FC) layers. Typically, the FC layers are combined with other supervised learning algo-
rithms, such as CNN, to optimize objectives. Due to their ability to process multi-dimensional data sets
and remarkable performance, CNNs are often used in automation or imaging processing tasks [10].
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Although CNN is suited for multi-dimensional data analysis, the original time cost and calculation
power requirement are tremendous. However, large-scale data analysis becomes available with the par-
allelized operations of GPU and tensor processing units (TPUs) [11]. Furthermore, with the combination
of FC layers and other sub-sampling layers, time cost could be significantly saved while accuracy and
precision remain ensured.

On the other hand, RNNs can analyze sequential data containing time stamps, which is suited for
glucose management because all the CGM data are timestamped with temporal features. However, the
challenge for traditional RNN cells is that they need help handling back-propagation training, gradient
vanishing, and exploding problems like other fully connected networks [12]. However, with the tech-
nigue of long short-term memory (LSTM) [13] and gated recurrent units (GRUs) [14], RNNs can pre-
serve long-term information and overcome the problems mentioned above. These advanced RNNs allow
algorithms to handle various prediction, classification, and regression tasks. RNNs are the perfect short-
term glucose prediction method by employing their ability to analyze sequential data.

3. Methodology

To identify and analyze the progress and new challenges brought by machine learning, we conduct a
review focusing on the 60 minutes blood glucose level prediction by focusing on the performance of
different models based on the Ohio T1DM database. Ohio T1DM includes 5 minutes of blood glucose
level with other daily activities features of patients: insulin dose, time of physical activities, and other
physical features including skin temperature and galvanic skin response [15]. Given these data, building
blood glucose level prediction models becomes possible. In this study, we will compare the feature
selection and model structures.

3.1. Search strategies
In our paper search, the keywords "OhioT1DM", "glucose”, and "prediction” were combined using
Boolean operators AND/OR. The detailed query was: (TIDM AND glucose AND prediction)

3.2. Inclusion and exclusion criteria

This review selected full-text studies focusing on machine learning method application on glucose level
prediction based on the TLDM data set. after removing the unrelated and repeated works, the final col-
lection of paper was organized into two categories: features extraction and glucose level prediction.
The expectation of the included studies should have the following features: contain details of data pro-
cessing, present the structure of models applied, evaluate model prediction performance by standard
metrics. Abstracts, posters, technique reports, and reviews were excluded.

3.3. Information Extraction
From the selected paper collection.The following pre-defined categories were used to present the se-
lected studies.

1) Model:

This category first summarizes the model architectures of prediction models. The details of the hy-
brid model were also included.

2) Features:

We present the features that have been used to predict glucose levels. The input dimensions are dis-
tinct from different models, and we will study the potential effect of input dimensions on the perfor-
mance of the deep learning prediction model.

2) Development process:

The category summarizes the process of building prediction models, which includes data processing,
training, testing, and validations. For hybrid models, the roles of each deep learning will be specified.

3) Main outcome:

The result of performance evaluation. Most of the evaluations were presented as RMSE calculations.

4) Prediction period:
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The period of prediction. Most studies have 30 min prediction period.

5) Limitation:

As a review of the performance of deep learning models based on the Ohio T1DM data set, this
category describes the limitations specified in the selected studies and future work inspirations and im-
provements.

Table 1. Summary of selected articles focused on glucose management [16]-[25].

Ref Model Feature Develop- Main  Predic- Limitation
num ment process  out-  tion pe-
comes riod
1 Casual CNN CGM data, Pre-pro- RMSE 30 min the model not
(Wave Net Insulin event;  cessing; cal- for 30- able to forecast
method) Carbohydrate culate min the fluctuate af-
intake; changes of PH: ter insulin event
Time index glucose level 21.73 and carbohy-
in PH; train  mg/dL drate intake
model;
2 NPE(decomposed 19 dimen- Data pre- RMSE 30min  NPE do not re-
convolution) + sion(all fields  processing;  for 30- quire a feature
LSTM in Ohio T1IDM separate min engine
data set) model test; PH:
combine 17.80
model test  mg/dL
3 Stack LSTM, Va- CGM values, Selecting RMSE 30 min, The prediction
nilla RNN carbohydrate prediction ~ for 30, 60 min accuracy of
intake from the features; 60 glucose over
meal, insulin Kalman min: traditional
dose as a bo- smoothing; 6.45 range de-
lus, and 5-min  training; test; 17.24 crease
aggregation of  validating ~ mg/dL
step count
4 Multi-layer CNN N/A Prepro- RMSE 30 min, The training
cessing; di-  for 30, 60 min quality highly
lated CNN; 60 relies on data set
post pro- min: quality
cessing 19.28,
31.83
mg/dL
5 Bi-directional Top 5 most Prepro- RMSE 30 min Performance
LSTM relevantand  cessing; fea- for 30 were affected by
common fea- ture selec- min: fluctuation in
tures tion; evalua-  20.8 glucose values
tion mg/dL and missing data
6 RNN CGM values Prepro- RMSE 30 min,  There is poten-
alone cessing; for30 60 min tial relevance
training; min: between glucose
testing; eval- 18.867 level and other
uation mg/dL features while

only CGM was
involved in the
study
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Table 2. (continued).

7 RNN with LSTM  CGM value Prepro- RMSE 30 min The model is
cells alone cessing; for 30 hard to predict
training; min: hypoglycemic
evaluation 20.1 event
mg/dL
8 Dilated RNN sampling Filling miss-  RMSE 30 min  the accuracy of
time, CGM ing data; for 30 database still
values, meal training; min: needs to be im-
intake and 18.9 proved.
insulin dose mg/dL the prediction

does not consider
the potential ac-
tivities changes

9 Hybrid LSTM + N/A Training RMSE  30,45,60 The fusion stage
WaveNet + GRU three blocks for 30, min can involve other
separately; 45, 60: patients’ history
decision level 21.9, to improve the
fusion 29.12, prediction preci-
35.10 sion
mg/dL
10 MS-LSTM BG value, Remove out- RMSE 30 min, The prediction
model: multi lag  basal insu- liers; filling for 30, 60 min  accuracy was in-
structure lin dosage, missing data; 60 min: fluenced by miss-
bolus insu-  training-vali-  19.048, ing data and
lin dosage, dationratiois  32.029 rapid fluctuation
carbohy- 9/1 mg/dL in blood glucose
drate intake, level
and
timestamp
4. Result

The initial search generated 202 results, and then the initial collection was filtered by our inclusion and
exclusion criteria. We manually selected ten papers from the remaining papers by full-text inspection.
The earliest publication was published in 2018, and the rest of the papers were published from 2020 to
2022. This trend is a brave new study field. The detailed description for each category is presented in
Table I.

4.1. Prediction strategies

The prediction model will take patients’ historical data as input to predict the blood glucose level in a
30 to 60 minutes period. Showing in table I, when selecting features as input to predict the glucose level,
there are two preferences among those papers: using only CGM values and combining other features.
Based on the evaluation result, there is no significant difference between the prediction accuracy around
those two preferences. Martinsson mentioned that the relationship between other features and glucose
levels could be complex. Therefore, they decided not to include features rather than CGM value to
implement the prediction [21]. While Zhu selected insulin event and carbohydrate intake with CGM
value to involve the prediction. In Zhu’s study, the model did not respond to the blood glucose level
fluctuation caused by those events sensitively [16].
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4.2. Potential factors that can influence the accuracy

From the reported deep learning prediction model performance, the RMSE for 30 min varies from 6.45
to 21.9. Except for the minimum RMSE given by the stack LSTM model, other RMSEs are around 19
to 22. We observed that the RMSES decrease as more researchers participate in this study field, indicat-
ing that prediction accuracy increases as new models are developed. As mentioned in all of the papers,
the missing data in Ohio state TLDM is considered a main factor that can influence the effectiveness of
prediction models. To decrease the effect of missing data, some researchers choose to fill missing data
by interpolation and extrapolation, like Zhu [16]. In contrast, other studies skip the missing data to avoid
the uncertain effect of these added data. The fluctuation of blood glucose level itself is also a factor that
can influence the precision of prediction [16][20][25]. The turnover change in blood glucose level is
usually related to carbohydrate intake events and insulin events. However, the earliest CNN model of
Zhu needs to respond to these two events with corresponding blood glucose change fast enough. The
consequence is a lag between the prediction value and the actual value. The following study introduces
NPE into the LSTM model to process the influence of physiological events on blood glucose events.
The RMSE of 30 min improved to 17.8 mg/dL, which is the second best in our collection [17].

5. Discussion

5.1. Limitation and challenge

While the prediction precisions have improved over the last three years, more than precision is needed
to provide a reliable glucose prediction service. As mentioned in the table, prediction accuracy relies on
training data quality [19][25]. Depending on the data preprocessing method, the prediction accuracy of
a specific range can have poor performance. Zhu’s DRNN model is hard to predict the hypoglycemic
event [22]. By applying Kalmon smoothing in the preprocessing stage, the model's performance on ab-
normal blood glucose levels was worse than other levels [18]. Therefore, data preprocessing is a field
that needs more attention. Then, the delay between the prediction and actual value is a universal limita-
tion among all selected studies.

5.2. Future opportunities

First, introducing NPE into traditional machine learning models can improve accuracy by strengthening
the model's response to special physiological events [17]. The existing deep learning models rely on
feature selection by deep learning itself. Second, as revealed by studies, the performance of models
highly depends on the dataset's quality and data preprocessing method. Thus, how to improve the dataset
quality in practice and covering the dataset's deficiency is a field worth more study.

6. Conclusions

In this review, we present a brief review and comparison of the most advanced deep-learning algorithms
in the glucose management region. Within the literature we reviewed, we mainly focused on comparing
various DNNSs and testing their performances on the same dataset to provide the most direct analysis of
each architecture. Nevertheless, we also identified the existing challenges these pieces of literature are
facing, which include different methods of preprocessing that can ultimately influence the accuracy of
the model and the limitation of specific models that heavily rely on the quality of the training dataset.
However, we believe that in the future, there will be more comprehensive datasets in clinical settings
that could provide more features and high-quality data points for more robust model training. This re-
view will provide guidelines and standards for future research on glucose management models, espe-
cially on model selection and customization for individual patients. Furthermore, the direct comparison
between selected models in the review also exploits further research on parameters optimization, neuron
network framework, and customized feature selections, which leads to more accurate and stable predic-
tions. We also expect that shortly, deep learning algorithms can accurately and safely detect blood glu-
cose variations and help diabetes patients improve their life quality.
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