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Abstract—In developing predictive models, data scientists and
software engineers have mainly aimed to improve accuracy;
however, aspects like model interpretability, distribution, com-
putational complexity, and result communication also require
detailed attention. In healthcare, where constant access is es-
sential, relying on server connections can be risky, making local
model storage necessary despite the limited capabilities of mobile
devices. To address this, we propose using a Gated Recurrent Unit
framework trained on fuzzy linguistic labels, achieving prediction
accuracy comparable to models trained on raw data while adding
semantic interpretability to the results. Our case study focuses
on continuous glucose monitoring in people with diabetes. The
key contribution of this work is an open-source mobile app
that provides real-time glycemic change notifications, using a
personalized model for each patient to support independence
and proactive disease management.

Index Terms—Fuzzy logic, Linguistic descriptions of time
series, continuous glucose monitoring, Gated Recurrent Unit
(GRU), Portable prediction model, Mobile application

I. INTRODUCTION

In recent years, continuous monitoring in the healthcare
realm has emerged as a powerful tool due to its capability
to provide deeper knowledge in the management of different
chronic diseases. In this context, a fully-fledged collection
of real-time data is considered pivotal for contributing to a
personalized and proactive attention to the patients, a growing
trend that has taken advantage of the paradigm of the Internet
of Things (IoT).

Among chronic diseases, diabetes is a condition that is
caused by either an insufficient supply of insulin or the body’s
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inability to use it effectively. The World Health Organization
estimated that 10.5% of the global population was affected by
it in 2022 [1]. To manage the disease, diabetic patients need
to retrieve their glycemic dynamics, among other factors to
consider (e.g.: physical activity, food ingestion, insulin supply
or medicine intake). To this end, traditional glucometers have
made it possible to analyze blood glucose levels using a
sample collected from a finger prick.However, modern devices
within the IoT technology allow for the placement of sensors
that continuously measure interstitial glucose, providing a
complete view of the recorded levels. One example of this
kind of devices is the Freestyle Libre 3 sensor [2] which has
acquired high popularity among the diabetic population.

In diabetes research, machine learning has been used to
predict both patient condition (diabetic or not) [3] and future
glucose levels, often relying on continuous glucose monitoring
data. Studies like [3] and [4] focus on accuracy using patient-
specific or synthetic data, but overlook result communication
and real-time integration. Additionally, Van Doorn et al. [5]
include accelerometry data, showing better performance in
type 2 diabetes. In contrast, there are proposals that define full
architectures for end-to-end integration, from patient device
connectivity to real-time glucose prediction. Zhu et al. [6]
describes a system for real-time glucose prediction that also
includes alerts to end-users via a mobile application. Addition-
ally, the authors leverage edge computing, acknowledging that
portable devices lack the necessary resources to run and update
deep learning algorithms for patients. Similarly, [7] uses meta-
learning to adapt models to new patients, but its effectiveness
is limited to those with insulin and food intake records.

Despite advances in prediction and application design, the
clear communication of results for clinical interpretation re-
mains largely unexplored. Most approaches issue alerts based
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only on predicted values, without identifying specific events
such as hypoglycemia or hyperglycemia. In this context, Fuzzy
Logic [8] enables risk pattern detection, and training deep
learning models on fuzzy data has been shown to reduce com-
plexity and mitigate discrepancies from extreme values [9],
[10].

Based on the literature, providing users with device con-
nectivity and personalized predictive models is essential. To
address this, our approach includes:

1) A mobile application for enabling real-time data moni-
toring and future glucose prediction.

2) A model for generating future glucose data based on
fuzzy labels, reducing the complexity in capturing data
patterns.

3) A mechanism for communicating predictive outcomes
through a mobile application using natural language
descriptions of detected events.

II. ARCHITECTURE OF THE SYSTEM

This section outlines the data acquisition and preprocessing
stages (Section II-A), the glucose prediction model (Sec-
tion II-B), and the mobile application (Section II-C), with the
system overview illustrated in Figure 1.

A. Data Preparation

First, glucose data is collected by connecting the Freestyle
Libre 3 sensor to a smartphone via NFC and Bluetooth. The
smartphone must run the third-party application xDrip+ [11],
allowing data extraction from the sensor and storage on a cloud
server. Nonetheless, users may also provide their own prior
data to build personalized prediction models.

Sensor data is received as JSON messages, from which the
relevant attributes (sgv, timestamp, and utcoffset) are extracted
for processing and no personal data is transmitted.

Once glucose data is stored on our server, preprocessing
begins. Missing samples, resulting from sensor-smartphone
communication errors, are imputed using a Moving Average
Window algorithm for gaps under 30 minutes. Outliers indicat-
ing rapid, medically unlikely glucose changes are smoothed.
Then, data is converted into linguistic labels—introduced by
Zadeh [8]—to qualitatively describe glucose patterns. The
labels used as inputs for the predictive model are detailed in
Table I.

TABLE I
SPECIFICATION OF THE DIFFERENT LINGUISTIC LABELS FOR GLUCOSE

REGISTERED VALUES

Glucose level Fuzzy Set Function
Very low z-shape(→↑,→↑, 54, 60)

Low trapmf(54, 60, 75, 80)

Medium trapmf(75, 80, 120, 130)

High trapmf(120, 130, 160, 170)

Very high s-shape(160, 170,↑,↑)

B. Glucose Prediction Model

In this section, the proposed glucose prediction model
is described. Following the effectiveness of recurrent neural
networks in previous studies, we chose a Gated Recurrent Unit
(GRU) for its performance in sequence tasks and mitigation
of vanishing/exploding gradients [12].

The model is designed sequentially with three stacked GRU
layers (32, 16, and 8 units). The first two layers return
sequences to better capture temporal patterns. A dropout layer
(rate: 0.4) prevents overfitting. The final dense layer outputs
one glucose prediction. The AdamW optimizer (learning rate:
0.0001, weight decay: 0.00001) optimizes the mean squared
error (MSE). Early stopping (patience: 3 epochs) and 5-
fold cross-validation ensure reliable performance. Predictions
are inverse-transformed to the original scale, and prediction
accuracy is assessed using root mean square error (RMSE).
The trained model is converted into TensorFlow Lite for
efficient smartphone deployment.

C. Mobile Application

This section presents the logic of the mobile app, which
helps people with diabetes monitor their glucose levels and
predictions in natural language. The following sections detail
each layer of the application.

1) Data Layer: The data layer, rather than directly connect-
ing to continuous glucose monitoring sensors, communicates
with a separate RESTful API that handles data extraction from
the sensors, allowing for permanent data storage, being both
components lodged in our proprietary server. Patients use their
credentials to access this API. This process is carried out
through different key operations, primarily:

• POST /authenticate: Sends authentication credentials to
the separated API for secure data access.

• GET /glucose-data-from-sensor: once authenticated, the
layer starts to collect glucose data from the sensor,
enabling both real-time and historical data points con-
sultation.

2) Application Layer: This layer, serving as the core logic
of the proposed system, hosts the GRU-based prediction model
and manages data modeling for alert generation. It handles
data retrieval from the proprietary server via HTTP and feeds it
into the GRU model to forecast glucose levels. Unlike external
API calls, the model runs internally within the Application
Layer to avoid potential network delays.

Once 60-minute ahead predictions are generated, the system
analyzes events to detect potential risks. To do so, it applies
the Ramer-Douglas-Peucker algorithm (ω = 0.2) to simplify
trends and identify patterns indicating critical conditions.
These include hyperglycemia, hypoglycemia, and glucose
peaks and valleys. Based on this, the system generates natural
language messages, which are sent to the Front-end Layer for
user consultation.

3) Front-end Layer: The Front-end Layer provides a user-
friendly dashboard to visualize real-time glucose data and
predictions, shown both as raw values and linguistic descrip-
tions of key events. It retrieves data from the Data Layer and
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Fig. 1. System logic and operations across layers, along with the involved actors and elements.

displays insights and alerts from the Application Layer. This
layer uses the following RESTful API calls:

• POST /login: sends user credentials to the Data Layer.
• GET /dashboard-data: retrieves everything needed for

the dashboard in one request.
• GET /update-model: allows the user to send a request

to the server to generate an updated model.

III. RESULTS AND DISCUSSION

This section validates the GRU model with fuzzy labels
(Section III-A) and then presents the application and user
workflow (Section III-B)1.

A. Validation of the proposed prediction model

We have performed a comparative analysis between two
different models: the first model is trained directly with the
raw data obtained in Section II-A without being fuzzy labeled,
while the second model is the one utilizing the fuzzy labels.

To validate the dataset used2, which comprises data from the
past 365 days—with approximately 301 days containing com-
plete records—various protoforms [8] have been computed in
the structure R Q glucose levels are S. In this context, R

represents the time of day, which outlines a subset of the
analyzed TS), Q denotes the quantifiers used to summarize
glucose levels according to the different labels S (Table I).

TABLE II
SPECIFICATION OF TIME INTERVALS (IN HOURS)

Moment of the day Fuzzy Set Function
At night z-shape(→↑,→↑, 6, 8)

In the morning trapmf(6, 8, 12, 2)

In the afternoon trapmf(12, 2, 8, 10)

At the end of day s-shape(8, 10,↑,↑)

1https://github.com/jfgg0010/fuzzy-glucose-predictor.git
2https://zenodo.org/records/10713570

TABLE III
SPECIFICATION OF QUANTIFIERS

Quantifier Fuzzy Set Label
Few s-shape(10, 30,↑,↑)

Many s-shape(40, 60,↑,↑)

Most s-shape(60, 80,↑,↑)

Almost all s-shape(80, 100,↑,↑)

To quantitatively validate the distinct protoforms, this pro-
cedure utilizes the degree of truth which is determined by the
expression shown in Equation 1. The computation is extended
to consider all labels in R, Q, and S, and is defined as follows:

ε = max

(
µq

(∑
i min (µr(xi), µs(xi))∑

i µr(xi)

))
, (1)

The obtained result indicate that around 89% of total
possible protoforms were activated, indicating the viability of
the evaluated days.

To avoid time-of-day bias, the model is evaluated across
four defined intervals (Table II, Figure 2). Using a modified
version of formula (1), predictions from models trained on raw
and fuzzy data are compared, with R now representing the
60-minute prediction window. The goal is to assess whether
linguistic labels can match raw data performance while sim-
plifying the GRU model. RMSE scores were 13.01 for raw
data and 17.82 for fuzzy data (Table IV).

The results confirm that the fuzzy-label model reaches
similar predictions to the raw data model, supporting the idea
that semantic labeling can reduce model complexity without
losing accuracy. Notably, the fuzzy model remains accurate
even when the raw model deviates, while the opposite is not
observed.

B. User Workflow

This section outlines user interaction with the app, assuming
the patient has access to the continuous glucose monitoring
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Fig. 2. Overview of the real registered values and the predictions obtained
across both models, one trained on raw data directly and the other on fuzzy
labels data.

TABLE IV
SUMMARY OF MODEL EVALUATION METRICS

TS Data ω Q S Hyper/
Peak

Hypo/
Val-
ley

1 Real 1 Few Low 2 1
Fuzzy P. 1 Few Low 2 1
Raw P. 1 Few Low 2 1

2 Real 0.52 Many Very high 1 0
Fuzzy P. 0.5 Many Very high 1 0
Raw P. 1 Few Very high 1 1

3 Real 1 Few High 1 2
Fuzzy P. 1 Few Medium 1 2
Raw P. 1 Few Medium 1 2

4 Real 1 Few Medium 1 2
Fuzzy P. 1 Few Medium 1 2
Raw P. 1 Few Medium 1 2

API. Users first obtain credentials and log in. Once logged in,
the app automatically retrieves recent glucose data and predicts
future values based on the last 12 records. The dashboard
displays both raw and semantic descriptions of predictions.
Users can also request a model update and view the date of
the last version.

IV. CONCLUSIONS AND FUTURE RESEARCH

This proposal presents a mobile application for glucose
prediction, built on an architecture with components on both a
proprietary server and the patient’s device, which hosts a per-
sonalized fuzzy-based GRU model. Predictions are displayed
not only as numerical values but also in natural language, and
results show that GRU networks perform similarly with raw
data and linguistic labels.

As future work, we aim to test the mobile application with
real users to demonstrate its usability and viability. Addi-
tionally, it is considered imperative to enhance the patient’s
experience by allowing them to register directly through the
application and enabling dataset uploads without requiring
extra developers’ intervention.

Patient

FUZZY GLUCOSE PREDICTORFUZZY GLUCOSE PREDICTOR

Username

Password

Log in During the next hour, you are expected to
experience one hypoglycemia event with a
minimum of 69 mg/dL and two
hyperglycemia events with a maximum of
173.1 mg/dL.

Update model

Last model update: 5 days ago

Fig. 3. Visualization of the developed mobile application along with the
interaction of the patient with it.
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