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Abstract—The ongoing global health challenge posed by dia-
betes necessitates a critical understanding of all generated data
streamed from sensors. To address this, our study presents
a robust fuzzy-logic-based descriptive analysis of glucose sen-
sor data. This analysis is embedded within the context of
an innovative architecture designed to support multipatient
monitoring, with the goal of assisting healthcare professionals
in their daily tasks and providing essential decision-making
tools. Our novel approach captures and interprets complex data
patterns from glucose sensors, and also introduces the capability
of creating high-quality linguistic summaries, to highlight the
most relevant phenomena through the use of natural language
(NL). These descriptions facilitate clear communication between
healthcare professionals and people with diabetes, enhancing a
deeper understanding of intricate data patterns and promoting
collaboration in diabetes care. A comparative evaluation between
our proposal and the one obtained using GPT-4 underscores the
sustainability, effectiveness, and efficiency of our methodology,
positioning it as a new standard for empowering diabetic patients
in terms of care and prevention, contributing to their progress
and well-being.

Index Terms—Diabetes, fuzzy logic (FL), GPT-4, GPT-4o,
Internet of Medical Things (IoMT), Internet of Things (IoT),
linguistic descriptions of time series (TS), linguistic summaries,
medical devices, natural language (NL) generation.

I. INTRODUCTION

HE GLOBAL surge in diabetes worldwide, in an age

where health concerns deeply, has given rise to the
proposal of different strategies in order to deal with this quite
extended disease. Regarding diabetes, a medical viewpoint
defines it as a sequence of metabolic disorders linked to
hyperglycemia and caused by partial or total insulin insuffi-
ciency [1], deriving in multiple long-term affections such as
heart disease, nerve damage, vision impairment and urinary
tract infections. It is materialized in the situation where either
the pancreas is not producing insulin or when the body is
no longer able to manage it; the nonglucose supply to body
cells derives not only in no energy administration but also
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in hyperglycemia episodes. According to the International
Diabetes Federation [2], there are over 537 million people
suffering from diabetes worldwide, highlighting that 3 in 4
adults are affected by it in middle-low-income countries, plus
the 6.7 million deaths that were registered in 2021.

Currently, healthcare systems struggle to provide person-
alized care due to a number of challenges [3], including a
technological limitation. This type of care requires advanced
technologies such as continuous glucose monitoring. In the
case of patients with diabetes, it happens that many data
is generated through the use of wearable glucose sensors.
Consequently, a big effort from the healthcare professionals
is a must in an attempt to describe the extensive retrieved
data; it is a challenge to efficiently manage and interpret the
dynamic flows of glucose levels. Hence, there arises the need
to supply both patients and clinicians with tools that provide
personalized care.

The proliferation of enormous amount of information gen-
erated through Internet of Things (IoT) devices has led to
the need of synthesize the collected raw data. An IoT system
materializes by the time an interconnected network of physical
objects or entities is established, enabling the collection of
specific physical phenomena data through the utilization of
one or multiple sensors connected to the Internet [4]. These
are the premises that have paved the way for an impressive
and diverse flow of information in the actual society, where the
medical field is witnessing a massive production of electronic
data [5], as characterized by a highly intricate analytical
process. Nowadays, IoT technology is applied in a wide range
of applications: in smart cities [6], [7], in smart grids [8],
in precision agriculture [9], in smart vehicles [10], and in
healthcare [11].

In the healthcare field, different types of sensors are playing
a crucial role in safeguarding human lives, under the paradigm
of the Internet of Medical Things (IoMT), which refers to the
collection of medical devices that are interconnected within a
healthcare network, streaming high-risk and valuable data [12].
Particularly in the case of diabetic patients, in the last decade
there has been a proliferation of sensors to measure glucose
in real time, facilitating glucose monitoring. However, these
sensors are not integrated into the healthcare system [13], [14],
[15], [16]. Thus, it is difficult for healthcare professionals to
access and evaluate patient data and provide personalized care.

On the other hand, such systems generate over time a
large amount of data that must be processed. In order to
manage all the information generated, traditionally used tools
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do commonly refer to those sentencing the validity or not
of a statement. Logic only accepts values in the domain
true or false. In set theory, a value belongs to a set or
not. An optimization problem has an answer or not [17].
According to American Diabetes Association (ADA) [18],
different thresholds are defined aiming to diagnose the disease.
Despite that, glucose levels are commonly communicated
in a qualitative manner, resulting in different expert-based-
statements influenced by their own point of view when labeling
the value. This gives rise to assume the uncertainty and lack
of clarity that characterize glucose-monitoring-collected-data
over time. Considering the scenario where only one sample
has been registered, the following example can be used to
explain this easily: a patient is attending a doctor appointment
and doctor states “Your glucose level is too high, you have
developed diabetes,” the person would immediately assume
these words, both ignoring different factors that may have
influenced the detected value, i.e., a stress situation or a
recently done physical effort. In this context, fuzzy logic (FL)
has a very important role to play in modeling this uncertainty.

In fact, FL theory [19] has allowed to represent data and
compute on them in a flexible way (see compilations [20]),
with the following benefits in this context.

1) Minimizing the impact of data loss or corruption due to

technical problems associated with IoT devices.

2) Blurring the validity ranges of a measure, so as to
resemble how humans communicate and understand the
world, as shown in the previous example.

3) Summarizing large amounts of data in a semantic
approach closer to human perception.

Contrary to what is observed in the literature, where in
the domain of diabetes, various and numerous proposals have
encompassed the binary classification of diabetic patients or
the prediction of future values. Liu et al. [21] proposed a
machine learning method for a future 15-60 min glucose
values prediction considering a 30-min previous sampling, and
determining accelerometry as an important factor to improve
the predicted values. Rastogi and Bansal [22] contributed
with the study of different data mining techniques aiming
to predict the disease while pretending to preserve inter-
pretability. In [23], a novel neural architecture for glucose and
meal prediction is evaluated using a probabilistic approach. It
is notable how machine learning methods present important
advantages in glucose and diabetes prediction, as often charac-
terized by interpretability and the need for a smaller number of
samples for learning. Nonetheless, pattern identification may
be difficult when data sets are large and complex. Therefore,
deep-learning techniques provide assistance to these kinds of
situations, while interpretability is left unexploited. Despite all,
mechanisms for diabetes diagnosis and glycemia prediction
continue to be successfully implemented. However, it is
acknowledged that a more nuanced comprehension of the
patient’s glucose variations is essential for disease diagnosis
and treatment determination.

In this regard, an innovative approach that generates lin-
guistic descriptions of time series (TS) from glucose sensors,
is also presented in this contribution; it is provided a set
of relevant information from an interpretable model to the
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healthcare professionals that allows them to perceive how the
statements have been generated without a significant cognitive
effort. For this purpose, an IoT-based architecture is defined
for the acquisition of glucose data in real time, independently
of the number of patients, as opposed to other proposals.
Finally, when assessing the developed system, it is found
as an imperative to analyze end-users’ perception of the
generated outputs through the utilization of surveys, serving
as a pivotal strategy for evaluating the overall performance.
This evaluation is complemented with a comparison of our
proposal and the output obtained from large language models
(LLMs), such as GPT-4 [24], [25]. Consequently, we highlight
the main contributions of our work as follows.

1) Multipatient real-time monitoring architecture designed
for data collection at any time, place, and for anyone,
ensuring data storage.

2) Linguistic summarization of data methodology unprece-
dented in the literature, utilizing a rule-based system
for semantically communicate relevant expert-guided
statements.

3) Integrated framework for data and natural language
(NL) summaries visualization combining the proposed
architecture and the linguistic summarization methodol-
ogy for comprehensive and efficient data interpretation
and healthcare assistance.

The document is divided into the following sections. First,

a review of related works can be found in Section II.
Next, Section III defines the IoT-based monitoring system for
glucose data acquisition. Afterward, the FL-based approach
to generate linguistic summaries is proposed in Section IV.
Subsequently, the evaluation of the approach is performed in
Section V, and finally the conclusions and future work are
discussed in Section VI.

II. RELATED WORKS

In the context of glucose monitoring in diabetic patients, the
literature provides a large number of studies related to this type
of system [15]. These works employ IoT devices in a multitude
of scenarios in which not only biometric data are used. Many
of these proposals include the use of wristbands, smartwatches,
and other types of wearables that provide information about
the health status of diabetic patients [26]. Other studies
also establish the use of smartphones for detection pur-
poses [27]. Thus, automatic activity recognition devices are
the most widely used, while glucose monitoring sensors
are following, highlighting the following proposed systems
[13], [14], [16].

In contrast to our proposal, these works focus on defining
a methodology, but do not establish a real architecture for
gathering glucose data or omit some details, such as the
sensor used. Furthermore, neither do they indicate whether
the system can be used at any site nor if the proposal is
multipatient.

For their part, when describing monitored data, linguistic
uncertainties prompt consideration of the utilization of FL, as
it extends classical set theory in a way that registered values do
belong to a set according to a membership degree, illustrated
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in the fuzzy sets (FS) theory proposed by Zadeh [19]. This
FS capability emerges as a powerful tool for capturing these
lacks of precision inherent in oral communication. Zadeh
postulated computing with words (CW) and computational
theory of perceptions (CTP) [28] theories seeking to bridge
the gap between imprecise, vague human NL and the precise,
binary nature found in computation. Yager’s proposal of
linguistic summarization of data through the use of fuzzy
quantified sentences was influenced by these paradigms [29],
displaying the knowledge inherent in databases. Yager [30]
also introduced indispensable elements taking part in linguistic
summarization including these three.

1) Summarizer (S) is a label or linguistic value that is
defined in a domain of an attribute within a data set D
(e.g., high).

2) Quantity in agreement (Q) to indicate the amount of data
satisfying S (e.g., many).

3) A measure of truth of the summary [Degree of Truth
(DoT)] to establish the truth of the statement involving
Q individuals satisfying S in the domain D.

Zadeh [19], [31] introduced this way, the use of protoforms
(prototypical forms) whose application has been dedicated to
the knowledge extraction from TS. Two types are considered
differing as follows.

1) Protoform 1 structured in the form A is § where A is an
attribute in the data set D and S is the summarizer (e.g.,
glucose level is high).

2) Protoform 2 comes to quantify through Q a type 1
protoform, leading to a Q A are S structure (e.g., many
glucose levels are high).

Addressing the latter, some relevant contributions in the
medical field are mentioned: Mehra et al. [32] introduced
an IF-THEN rule generator system for the description of a
medical diabetes database with the utilization of NL. Along
the same line, Amghar and Chikh [5] studied the way of
generating a linguistic summary from a data set, serving as
the input of a classification model that could determine the
state of a patient (diabetic or nondiabetic) thanks to fuzzy
cardinality, obtaining this way a fully interpretable model at
last. These experiments, capable of doing classification, do
actually consider samples that are registered at a specific
point, not contemplating a fully fledged collection of glucose
levels. Nasser et al. [33] have contributed with a deep-learning
algorithm capable of predicting glucose levels in patients that
have been monitored. To do so, 20 previous samples are
considered to prevent harmful hyperglycemia episodes in a
future period of 30 min. Once again, the number of samples
taken into account are not reliable enough as the regard of
external factors (e.g., physical effort, food ingestion, or insulin
supply) is an imperative.

Focusing on the generation of linguistic descriptions of TS
(GLiDTS), many authors have successfully devised different
systems for data condensation which provide a nonredundant
analysis of collected TS; data abstraction is then applied
facilitating comprehensive NL summaries across diverse fields.
Marin and Sanchez [34] enriched the literature considering
in their proposal the GLiDTS as a technique, different from
other tasks dedicated to realizing TS analysis, defining it
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as systems able to simulate the answer of a human expert
when asked about what he/she can observe or highlight in
the TS. For this process, the authors described it by the
analysis of TS for feature extraction, mostly represented by
protoforms and later, by generating a summary using NL.
The use of machine learning methods is contemplating when
addressing the second task, however, their correlation with cer-
tain scenarios is highlighted, specifically, where it is required
the identification of association rules, fuzzy approximate or
gradual dependencies, and/or anomalies in rules. Despite this,
there are application domains where such solutions are not
suitable, as the creation of predefined protoforms becomes nec-
essary, aiming to meet the requirements of the system. Recent
solutions of this kind are cited next: Kaya et al. [35] have
contributed with a linguistic summarization approach of EEG
signals for emotional responses to advertisements description.
Cascallar-Fuentes et al. [36] presented a fuzzy temporal
ontology to facilitate the interpretation of TS, applying it to
air quality index data, and providing comprehensive linguistic
descriptions at last. In [37], meteorological data implicit
knowledge is modeled for the generation of protoforms that
create a big search space which is later explored by two
different meta-heuristics. The economic field has also taken
benefit from the work of Genc et al. [38] where relationships
and interactions within an international trade network are
linguistically summarized. Responding to the definition of
GLiDTS, Hudec et al. used fuzzy modeling of statistical data
to make it accessible and understandable, using linguistic
summaries, for a wider audience.

Concretely, in the health realm, Peldez-Aguilera et al. [39]
developed expert-guided fuzzy linguistic protoforms for
summarizing heart rate streams obtained from a smart
wrist-worn gadget in cardiac rehabilitation sessions. Albin-
Rodriguez et al. [40] also established different fuzzy
protoforms when evaluating hyperactive behavior. This pro-
posal comprehends the aggregation of data flows streamed
from wearable and mobile devices, leading to obtain a highly
accurate monitoring of an individual’s daily environment.
Jain et al. [41] created a framework for processing home
sensors data characterized by resting time, heart rate, respi-
ration, walking speed or time in bed in elderly people; both
synthetic and real data were computed in order to validate the
developed fuzzy-driven NL generator (NLG). The eldercare
field was also influenced by a novel approach proposed by
Martinez-Cruz et al. [42]. It was effectively applied to the
description of data from bed restlessness monitoring, not only
providing a high semantic content but also emphasizing the
key features present in TS. However, none of these prototypes
specifically address real-time processing tasks. Furthermore,
it is essential to highlight that the subject we propose is
unprecedented in the existing literature, while holding vital
importance for public health personnel; simplifying and sum-
marizing raw data using NL is a must due to its sheer
volume.

The existing literature reveals how data regarding glucose
fluctuations is often dedicated for the prediction of target or
future values where interpretability is, in some cases, left
behind, by the use of modern tools such as deep learning [33].
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This oversight highlights the necessity of providing both
patients and healthcare professionals with an approach that
prioritizes understanding patterns and dynamics of data during
patient monitoring, rather than solely focusing on classification
tasks that commonly rely on limited sampling; some machine
learning methods handle data description for diabetes diagno-
sis not involving a complete fluid of information neither as
shown in [5] and [32], which may cause a turning point in
decision making.

In parallel, LLMs are found to show encouraging signs
in analyzing and providing medical data as attested in [43]
and [44]. As a consequence, some but few efforts have been
recently put on the utilization of these tools for continuous
glucose monitoring description, specially taking advantage of
this technology. Healey et al. [24] underlined promising results
from GPT-4, using its Data Analyst plugin, aiming to integrate
this tool within diabetes care. One of the premises of this
study is the proposal found in [25], where daily glucose data
is pretended to be described with the chatbot. Conversely,
in [24], it is desired to obtain summarizes contemplating
14-day synthetic data. A validation of the results is carried
out by experts in the domain, then estimating its possible
integration within glucose management systems. Despite the
fact that the approach is presented with the obtaining of
promising results, some mistakes are found within the 14-day
summarization they provide. This underscores the necessity
of conducting a daily data analysis as a prerequisite for more
complex evaluations. Further discussion of this proposal is
done in Section V-C.

To tackle the need to simplify a large magnitude of data
flows while ensuring interpretability, this article advocates for
a diabetes management framework that combines a multipa-
tient monitoring system with a white-box rule-based model
for linguistic summarization of data in real time, based on
GLiDTS principals, and focusing on a daily basis.

III. MONITORING SYSTEM

In this section, the proposed IoT-based monitoring system
for real-time data collection is defined. This proposal is critical
to provide personalized care through linguistic summaries
using our methodology. Therefore, this section first discusses
the commercial glucose sensor used (Section III-A), and also
the architecture of the system (Section III-B).

A. Proposed Sensor

Blood glucose measurement is very important in determin-
ing the health of a person with diabetes. This measurement
refers to the blood sugar at a given time and is expressed in
milligrams of sugar per deciliter (mg/dL). A glucometer is
used to test blood glucose. This device allows the performance
of a capillary blood glucose test using a drop of blood from a
fingertip. The two instruments used are the lancet and the test
strip. The lancet takes a small drop of blood from the finger
and the test strip interacts with the blood to measure the
glucose level. Finally, the glucometer evaluates the test strip
to give the blood glucose value. Fig. 1 shows each of these
components.
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Test strip —> M

Fig. 1.  Following tools are needed to measure blood glucose: test strip,
lancet, glucometer, and needle (left to right). Example model: GlucoMen aero
2K manufactured by Menarini Diagnostics.

Glucometer
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\ 8

Glucose - e - c
Fig. 2. Illustration of where to place a continuous glucose monitoring sensor
on the human body.

Continuous glucose monitoring is now possible with com-
mercially available sensors. These devices use glucose from
interstitial fluid, which comes from the exchange between
tissue cells and blood, unlike conventional glucometers that
use capillary glucose.

The main difference between this and capillary glucose
monitoring is that the former has a latency of 5-10 min, while
the latter only occurs during steady periods. For example,
when a user eats, the readings will not match and will show
a small delay.

These sensors consist of a filament or electrode. It is placed
subcutaneously using an applicator and works by measur-
ing interstitial glucose levels through an enzymatic reaction.
Regular readings are obtained. Fig. 2 shows an illustration of
the sensor applied to human skin.

This study uses the commercial sensor Freestyle Libre
3 [45]. This commercial sensor has the following features.

1) Dimensions are 21 x 2.9 mm (diameter x depth).

2) Battery life is estimated at 14 days.

3) Sampling rate is 5 min.

4) Bluetooth low-energy (BLE) connection is used to trans-

fer glucose data.

5) Nonreusable and costs $63.26 per unit.

B. System Architecture

The next step is to define the architecture of the moni-
toring system. In this case, the research uses an IoT-based
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architecture, whose purpose is to collect glucose data in real
time and send it to the cloud where it is stored and processed.

This architecture can be divided in two different layers. The
device layer consists of glucose sensors and mobile devices.
Therefore, a continuous glucose sensor and a smartphone are
set up for each patient. To connect the two devices, a pairing is
first established using near-field communication (NFC) tech-
nology, and once this is done, samples are continuously sent
via BLE. Therefore, the patient is not required to continuously
interact with the sensor to obtain glucose data. Furthermore,
the real-time factor is crucial for people with type 1 diabetes,
as hypoglycemia can lead to epileptic seizures and even brain
damage. The whole process is performed through a mobile
application called xDrip+ [46].

On the other hand, in the cloud layer, there is a dedicated
server that hosts a database, a Web application for patient
monitoring that uses the methodology presented in this article
to provide healthcare professionals with personalized care
for their patients. The mobile device continuously sends the
collected samples to the cloud through the Nightscout module
which is integrated in xDrip+. For this purpose, a REST API
service has been implemented that replicates the functionality
of Nightscout [47]. In contrast to the original service, our
system is able to receive data from different patients and
recognize them based on the identifier provided.

Finally, the samples are persistently stored in the database.
The monitoring Web application allows the historical data of
the patient to be consulted at any time through raw data and
linguistic summaries.

The whole of this architecture is shown in Fig. 3.

IV. METHODOLOGY

In this section, a novel methodology based on the compu-
tation of a linguistic summary is proposed, as characterized
by the analysis of glucose-monitoring-patient TS collected
in real time. The exposed methodology comes to the rescue
after the different shortcomings found in the reviewed systems
concerning patient monitoring and data description.

The extraction of the implicit knowledge existing in the
compiled raw data, represents a nontrivial procedure of selec-
tion and modeling of information that, until further treatment,

IoT-based monitoring system architecture divided into fog and cloud layers.

remains unknown while being potentially useful. This process
is carried out following a first task based on the knowledge
discovery in databases (KDDs) procedure, with the inclusion
of an NLG, as detailed in Marin and Sanchez [34] proposed
architecture. Initially, data is retrieved and segmented, for a
posterior characterization using summarizers, whose purpose
is to describe observable features, forming protoforms that
are then translated into sentences. This process, which is
illustrated in Fig. 4, derives in the generation of a quality-
framework-satisfied linguistic summary at last.

A. Preprocessing

First, it must be considered that different attributes are being
saved within every instance registered by the glucose sensor. In
the context of variable selection, our system only contemplates
the inclusion of those referring to the timestamp and the
glucose level collected in 5-min epochs. As a result, a TS is
defined as: let {x;};_, be the sequence of observations indexed
by t, x; : x; € R represents the glucose level corresponding
to time 7. Data acquisition may fail at some point, so when
handling gap filling, Moving Average Window algorithm is
applied in intervals where |{x; : x; = @}| < 6, in order not to
estimate periods longer than half an hour.

Graphically, a TS is represented with n-line-connected
points in R?, what derives in the idea of a geometrical
top-down segmentation; partial singularities and redundancies
are placed in a new homogeneous segment as a whole.
Some significant data simplification techniques are found in
the works of Farsi et al. [48], Ali and Aggarwal [49], or
Tang et al. [50].

The segmentation method used in this work is known as
Ramer—Douglas—Peucker (RDP) algorithm, as exposed in [51].
As an input, RDP receives a complete TS to be segmented,
deriving in another TS with a lower number of points; steps
to follow by RDP are detailed in the approach proposed by
Martinez-Cruz et al. [42]. The choice of this algorithm is
made because it preserves the most relevant TS features in
a very simple and intuitive way. This method has been used
with very satisfactory results in articles like [42] and [52].
Despite of having a large number of segmentation methods
based on piecewise linear approximations, with similar or even
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B. Data Labeling and Feature Discovery

While data characterization and simplification in TS have
been primarily focused on a geometrical point of view as yet,
experts face the significant challenge of identifying patterns
or features existing in TS. Even so, medical staff play a
fundamental role in defining their preferences for events’
identification, which are later needed to be communicated in
NL. FS theory is then employed to label the different variables,
enabling a qualitative description of quantitative measures in
the different features found within the domain. At this point, it
seems convenient to remark that there is not a necessity of an
existing labeled data set, since every single TS is characterized
on demand. Consequently, this involves the computation of
different summarizers (linguistic terms) which are a source of
interest to the expert and are exposed subsequently.

1) Glucose Level Summarizers: Thresholds in the measure-
ment of glucose are defined to determine the state of a
patient, considering that each registered value x;, must be
accompanied with a linguistic term, such as very high,
high, medium, low, or very low. Actually, the different
labels may differ depending on every case of study,
but have been approximated according to the predefined
intervals provided by ADA [18] (see Fig. 5).

Timestamp

Fig. 7. Membership functions for day moment summarizers.

2) Segment Trend Summarizers: The slope m present in a
segment between times #; and #, is calculated intending
to estimate the variation between the two samples (e.g.,
either rapidly, increasing or decreasing, and steady) as
specified in Fig. 6.
Day Moment Summarizers: Enriching the linguistic sum-
mary is a must in an attempt to clearly point out the time
period where the set of samples have been registered.
The ones considered by our system are being referred
as in the morning, during the afternoon, at night or at
the end of the day (see Fig. 7).

Once the summarizers have been successfully applied, type
1 protoforms can be established (e.g., Glucose level is high or

3)
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Fig. 9. Common patterns identified in the system.

Trend values are steady). In the task to comprehend all points
available in a segment, the need of using a fuzzy quantifier
Q emerges as a versatile tool to aggregate them all; every
feature fitting into a certain summarizer is considered when
generalizing the collection of samples that satisfy a given
condition within all identified values in the domain (1) [30].
Those considered in the system (Fig. 8) are few, many, most,
and almost all; essential terms for the construction of type 2
protoforms (e.g., Almost all glucose levels are medium)

1 n
T(0A are ) = uq<; > us(ai)). (M
i=1

With the purpose of generating protoforms in different
intervals, a qualifier R is considered aiming to obtain a subset
of the whole data. Therefore, the final evaluated protoforms
have the form R Q A are S (e.g., At night most glucose levels
are high). This way, all possible combinations are computed
but a post-processing criterion is used to avoid those where
DoT < 0.7, which is defined as

n
DoT — HQ<102<Zi=1 HnR(yz) A Hs(%))) )
>im1 Mr()
where A : [0, 1] — [0, 1] denotes minimum and
Mg, Mg, s : R — [0, 1] refer to the membership functions of
the quantifier, the qualifier, and the summarizer, respectively,
considering every single sample within the obtained subset.

Concurrently, simple geometrical structures characterization
give rise to discover common patterns or key features that
point out the importance of the underlying data, in a way that
the description is provided with a higher level of semantic
by the compactness of the progression of the variable in the
system. These high-level features are exposed in Fig. 9 and are
critical for the generation of NL in the process of establishing
a detailed perspective of the TS.

As can be seen, sections (individual segments) do not only
enrich data description but also refer to the different segments
used for the TS characterization. Then, their main purpose is
to be the basis to the construction of high-level structures such
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as a peak p which is composed of two segments s1, whose
trend is labeled as increasing or sharply increasing, and s,
whose trend label is (sharply) decreasing. The glucose level
summarizer is computed with the point (s; N s3). Therefore,
s1 and s> are no longer considered sections in the system, as
they start to belong to a higher abstraction level. Afterward,
next analysis pretends to capture sets of peaks when appearing
consecutively (p; N p2 # @). Reached this point, the process
concludes as no extra features are available to discover. After
that, the remaining summarizers are reevaluated considering
all points located within the partial sections that shape the
specific pattern. The rest of the relevant phenomena in the
domain of the problem are described next.

1) Hypoglycemia: Either a valley where the lowest point
is labeled as low or very low, or one or more sections,
where the first one has either its first or last point labeled
as low or very low, being the subsequent samples labeled
the same.

2) Hyperglycemia: Different from a peak as when a high or
very high value is reached, the next values are labeled
the same way in a prolonged period of time.

3) Fluctuation: It must be noted that this kind of event is
present along the whole TS, but it is only considered by
the time a peak, labeled as (very) high, is followed by
a valley (or hypoglycemia episode) or vice-versa, being
described this way in the final linguistic summary.

Notice that hypoglycemia and hyperglycemia episodes are

characterized with a major importance as they refer to sit-
uations that may cause a harmful damage to the patient, in
contrary to what may happen with isolated peaks, as they may
be reflecting a normal scenario in the user’s daily life (e.g.,
food ingestion or physical effort).

C. Linguistic Summary as Glucose Levels Descriptor

As a result of the previous section, it emerges the need
to compute human capability to extrapolate the modeled
knowledge into statements, via the utilization of a pre-
established template (as shown in Table I). This template has
been designed to summarize the set of protoforms generated
in the analytical process, which for space reasons could not be
included here. The preferences in terms of the generated text
are oriented to the target users (TUs) (healthcare professionals
and diabetics or their relatives) and based on expert guidelines,
involving the linguistic context itself as well. Regrettably,
including all the information obtained from the analyzed
protoforms may result in a repetitive summarization of the
TS, necessitating the development of a quality framework to
selectively choose those that conform to predefined rules (see
Table II). In summary, these rules state: Rule 1 establishes
that abstract representations, such as peaks or fluctuations,
are included before simpler descriptions. Rules 2 and 11 are
related to make the summary shorter. The same purpose has
rules 4, 9 and 13, that remove sentences that represent super-
fluous information to the final user. Rule 3 sets the threshold of
0.7 as the DoT to be accomplished by the generated linguistic
expressions. This measure has been established heuristically
under the supervision of experts, in order to filter only relevant
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TABLE II
QUALITY FRAMEWORK RULES FOR LINGUISTIC SUMMARY GENERATION

Template

Description

Collected glucose levels (GL) are
between [hh]:[mm] /[am] /[pm]
and [hh]:[mm] /[am] /[pm] /[.] /[,
and a [quantity] amount of data
has been lost /[.] /[. Due to this lost
rate, a reliable summany cannot be
given.]

Quantity: minor, moderate, high

/[User has experienced [quanti-
fier] [glucose level] GLs [day mo-
ment].]

/[User GLs were normal during the
day.]

/[User GLs present different fluctu-
ations along the day.]

/[day moment] /Next /Then
/Moreover /Consecutively
/Subsequently /Later on /At
last [,]

Glucose level: very low, low,
medium, high, very high
Quantifier: almost all, most, many,
few

Day moment (as a connector):
during the whole day, in the morn-
ing, during the afternoon, at night,
at the end of the day

/[/A /An [event] of [value] mg/dL
has been detected at around
[hh]:[mm] /[am] /[pm] /[.] /[,
followed by a [event] of [value]
mg/dL at [hh]:[mm] /[am] /[pm].]
/[and lasted for [period] /[hours]
/[minutes].]]

/[[quantifier] GLs have been [glu-
cose level] during [period] /[hours]
/[minutes] with a [trend] trend.]

Glucose level: very low, low,
medium, high, very high

Event: peak, hypoglycemia
episode

Quantifier: almost all, most, many,
few

Trend: sharply
decreasing, steady,
sharply increasing
Value: exact registered glucose
level

Period: duration

decreasing,
increasing,

/A set of [number] [event]
have appeared for around [period]
/[hours] /[minutes] with a /[max-

Event: peaks,
episodes
Value: exact registered glucose

hypoglycemia

imum] /[minimum] of [value] | level
mg/dL at around [hh]:[mm] /[am] | Period: duration
/[pm].]

/[An hyperglycemia episode with
a maximum of [value] mg/dL
has been registered at around
[hh]:[mm] /[am] /[pm] and lasted
for [period] /[hours] /[minutes].]

information and reduce the size of the response. The rules that
modify the output format are Rules 5, 8, and 12, that change
some words of the final summary to make it clearer. Rules
6 and 7 simplify the representation of time and Rule 10 is
included to generate a fluent discourse.

This phase terminates with the acquisition of an NL sum-
marized text that complies with the modeled knowledge and
the quality requirements established by the end users.

V. RESULTS AND CONSIDERATIONS
A. Experimental Results

The proposed linguistic summarization approach for con-
tinuous glucose monitoring data description has been proved
effective when tested on a particular data set [53] that has
been obtained from a diabetic patient. It is noteworthy to
stress that collected data has been securely saved within a
database that does not contemplate the inclusion of any per-
sonal information. Notwithstanding, the different procedures
involved in this research have been performed in accordance
to the standards set forth the 1964 Helsinki declaration and its
latter updates and refinements.

# | Rule
1 | The relevance of the protoforms is noted performing a top-down
description.

2 | The final number of sentences must be the lowest possible.

3 | The degree of truth (DoT) of the generated expressions must be
greater or equal than 0.7.

4 | Protoforms of day intervals containing few/many quantifiers when
describing medium glucose levels are not considered. Exceptional
case: quantifier many describing medium glucose levels during the
whole day.

5 | Medium levels are referred to as normal glucose levels.

6 | Shown hours are approximated to the closest quarter and the term
around is included before this data.

7 | Event duration is approximated to the closest number of hours. If less
than one hour, minutes are shown.

8 | Description must emphasize distinctive phenomena.

9 | Expressions with time intervals involving less than 1 hour are not
included.

10| Connectors are variable along the description. Last sentence begins
with At last connector.

11| Partial consecutive summaries with similar information are aggre-
gated.

12| The name of the variable glucose level in the domain of the problem is
only typed this way at the beginning; latter allusions use the acronym
GL.

13| If a whole day protoform indicates normal glucose levels, the rest of
day moments protoforms are not included in the final summary.

14| If no protoform is activated for a time interval, the system indicates
its variability because of different fluctuations of data.

The specific case studies that are considered here, in terms
to demonstrate the viability of the developed expert-guided
system, concern the following days: 19 September 2023, 24
September 2023, and 3 November 2023 (see Table III).

First, it is relevant to highlight that, as specified in [25],
the threshold of 0.2 used for the TS segmentation has
demonstrated optimal performance in streamlining the TS,
eliminating redundancies and preserving its fundamental
shape, serving as the input data for the algorithm.

Additionally, the protoforms that the system has initiated
(DoT = 0) based on the input data are shown in Table IV
in the form R Q A are S. The first digit of the protoform ID
in this Table represents the number of the TS in Table III.
Therefore, every single TS in this proposal generates 100
different protoforms to be computed as calculated in (3), where
n is the total number of elements of each set, r refers to
the amount of them (subset) taken into the computation of
each protoform, and for each qualifier R, referring to the day
moment, each quantifier O undergoes evaluation for every
individual glucose level labeled through a summarizer S

Z:

I’lR! ) nQ! ) ns!
rr! - (ng — rR)! ro!- (ng —ro)! rs!-(ns —rs)!

3)

Perceive that only those exceeding the minimum required
DoT of 0.7 are accepted within the system and, their final
inclusion in the linguistic summary corresponds to their
surpassing of the quality rules specified in Table II. Despite
this, all protoforms have been calculated as specified in (2),
which may be visually contemplated in Fig. 10 for protoform
(p.) 312, detailed in Table IV.

As depicted in Fig. 10, the graph illustrates the member-
ship degrees for the summarizer S (high) and the qualifier
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TABLE III
LINGUISTIC DESCRIPTION OF DIFFERENT TS

Summary

Exec.
Time

12AM 03AM 06 AM 09AM 12pM 03PM 06°M 09 PM

Collected glucose levels (GLs) are between 12:00 am and 11:55 pm. User GLs present
different fluctuations along the day. At night, an hypoglycemia episode of 39.0 mg/dL
has been detected at around 02:30 am. In the morning, most GLs have been normal
during 8 hours with a sharply increasing trend. Then, a peak of 171.0mg/dL has been
detected at around 04:30 pm. User has experienced most very low GLs at the end of
the day. At last, an hypoglycemia episode with a minimum of 48.0 mg/dL has been
detected at around 09:00 pm and lasted for 3 hours.

12AM 03AM 06 AM 09 AM 12oM 03PM 06°PM 09 PM

Collected glucose levels (GLs) are between 12:00 am and 11:55 pm. User GLs were
normal during the day. At night, a set of 3 peaks have appeared for around 6 hours
with a maximum of 226.0 mg/dL at 01:00 am. Next, an hypoglycemia episode of 42.0
mg/dL has been detected at around 05:45 am. During the afternoon, an hypoglycemia
episode of 63.0 mg/dL has been detected at around 05:00 pm followed by a peak of
190.0 mg/dL at around 06:45 pm. At last, almost all GLs have been normal during 3
hours with an increasing trend.

2.1s

03AM 06 AM 09AM 12 03PM 06 M 09'PM

Collected glucose levels (GLs) are between 12:05 am and 11:55 pm, and a minor
amount of data has been lost. User has experienced few high GLs during the whole
day. User has experienced few low GLs at night. Then, an hypoglycemia episode of
39.0 mg/dL has been detected at around 01:00 am. Next, an hypoglycemia episode
of 59.0 mg/dL has been detected at around 05:30 am. In the morning, a peak of
142.0mg/dL has been detected at around 09:15 am followed by an hypoglycemia episode
of 73.0 mg/dL at around 11:30 am. User has experienced many high GLs during the
afternoon. Consecutively, a peak of 159.0 mg/dL has been detected at around 03:30
pm. Subsequently, an hyperglycemia episode with a maximum of 169.0 mg/dL has
been registered at around 05:15 pm and lasted for 3 hours. Later on, an hypoglycemia
episode of 65.0 mg/dL has been detected at around 09:15 pm. User has experienced few
very low GLs at the end of the day. At last, an hypoglycemia episode with a minimum
of 39.0 mg/dL has been detected at around 11:45 pm.

2.59s

R (afternoon). Effectively, the membership function for R
maintains a static profile as defined in Fig. 7, while the
membership function for § is variant, but accurately captur-
ing pertinent phenomena outlined in the linguistic summary.
Specifically, values do increase by the time the peaks were
detected at 09:15 A.M. and 03:30 pP.M., respectively, plus the
hyperglycemia episode happening during the afternoon. It is
noteworthy that only the latter two events were factored into
the computation, as the first one is not happening during R.
Finally, the DoT determined quantifier many as the best
descriptor.

Aiming to clarify possible misunderstandings, it is important
to note how p. 105 is not included in the summary to satisfy
rule 11 (previously described in Table II). Moreover, p. 205,
p- 206, and p. 208 are neither shown as a consequence of p.
203 and rule 13. Also, rule 4 causes p. 106, p. 301, p. 309,
and p. 315 not to appear neither.

According to the definition of the different quantifiers in
the system, the activation of protoforms with more restrictive
quantifiers, implies the activation of others that are less exten-
sive to the observed values, i.e., if most glucose values are
high, then many are high too. Such protoforms are excluded
from Table IV when an upper quantifier exceeds the DoT of
0.7. Likewise, the system ignores its computation given the
existence of a better descriptor, but they exist if examined
analytically. Hence, a total of 34 protoforms is shown, whereas
the total number of activated ones for all TS is 50. Nonetheless,
27 out of 100 unique protoforms have been studied within the
examples provided.

To validate the proposed methodology in terms of the vari-
ety of the generated protoforms, the computation of the whole
data set [53] (composed of 226 days') has been carried out.”
It has been observed that around 89% of possible protoforms
are activated, indicating a high diversity in the performed
data sampling. In addition, approximately 60% of protoforms
were finally evaluated by the system. Consequently, this
high activation rate and the selective evaluation mechanism
ensure how the system focuses on the most relevant and
informative protoforms, making it highly efficient in scenarios
where computational resources and time may be limited.
Furthermore, thorough the TS exposed in this work, it has
been demonstrated the system’s robustness and versatility in
capturing various data patterns at a time. Altogether, these
findings underscore the method’s applicability and effective-
ness in real-world scenarios.

The assessment of the generated linguistic summaries
has been conducted by the employment of the Degree of
Usefulness (DoU), where, after normalization, DoU € [0, 1] .
This metric quantitatively measures the utility of the generated
sentences from the viewpoint of the TUs, comprising diabetic
patients, their relatives, and healthcare professionals; the ratio-
nale behind this decision is to determine the interpretability
of the system, as guided by a singular expert, thereby neces-
sitating the identification of its strengthens and weaknesses

IThis data set is available at https://zenodo.org/records/10713570.

2 Additional illustrative examples are available at https://asia.ujaen.es/
material/expanded-protoform-evaluation/index.html.
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TABLE IV
PROTOFORMS GENERATED BASED ON INPUT DATA

ID Protoform DoT | System Final Ac-
Approval ceptance
101 During the whole day, | 0.47
many GLs were medium.
102 During the whole day, few | 0.01
GLs were high.
103 At night, many GLs were | 0.27
very low.
104 At night, many GLs were | 0.38
low.
105 In the morning, almost all | 0.78 | v
GLs were medium.
106 During the afternoon, few | 0.81 | v
GLs were medium.
107 During the afternoon, | 0.04
many GLs were high.
108 At the end of the day, al- | 0.84 | v/ v
most all GLs were very
low.
201 During the whole day, few | 0.01
GLs were very low.
202 During the whole day, few | 0.02
GLs were high.
203 | During the whole day, | 0.92 | V/ v
many GLs were medium.
204 At night, few GLs were | 0.23
high.
205 At night, few GLs were | 095 | v/
very high.
206 | Inthe morning, many GLs | 1 v
were medium.
207 In the morning, most GLs | 0.54
were medium.
208 During the afternoon, few | 0.89 | v
GLs were medium.
209 During the afternoon, few | 0.44
GLs were high.
210 At the end of the day, | 0.8 v v
almost all GLs were
medium.
301 During the whole day, few | 0.95 | v/
GLs were medium.
302 | During the whole day, few | 0.84 | v/ v
GLs were high.
303 During the whole day, few | 0.03
GLs were very high.
304 | At night, few GLs were | 0.39
very low.
305 At night, few GLs were | 1 v v
low.
306 At night, many GLs were | 0.07
low.
307 At night, few GLs were | 0.54
medium.
308 In the morning, few GLs | 0.15
were low.
309 In the morning, many GLs | 0.72 | v/
were medium.
310 In the morning, few GLs | 0.27
were high.
311 During the afternoon, few | 0.52
GLs medium.
312 | During the afternoon, | 0.83 | v/ 4
many GLs were high.
313 At the end of the day, few | 0.71 v v
GLs were very low.
314 At the end of the day, few | 0.04
GLs were low.
315 At the end of the day, few | 1 v
GLs were medium.
316 At the end of the day, | 0.13
many GLs were medium.

from the standpoint of diverse stakeholders, as well as aiming
to discern the different expectations and requirements of
them, seeking to pinpoint the absent information for potential
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Fig. 10. Example of one protoform computation (p. 312).
TABLE V
EVALUATION OF THE RESULTS
# | Statement DoU STDEV
1 | The linguistic summary provides all relevant | 0.73 0.3
information with sufficient precision and de-
tail.
2 | The explanations involve the majority of reg- | 0.79 0.22
istered instances.
3 | There are no inconsistencies found in the | 0.81 0.32
summary.
4 | The explanation facilitates a causality under- | 0.64 0.19
standing.
5 | The linguistic summary does not include ir- | 0.81 0.37
relevant information or incorrect statements.
6 | The data is described progressively in time, | 0.82 0.51
with a useful inclusion of day time indicators
for relevant phenomena description.
7 | There is no need for support to assume the | 0.64 0.48
given statements.
8 | The data is described without redundancy and | 0.75 0.3
briefly, understanding it very quickly.
9 | There is no need for more expert-guided ex- | 0.62 0.19
planations.
10| It is not a must to change the expressions used | 0.63 0.26
in the sentences.

inclusion in future approaches. The evaluation is conducted
by ascribing a score on a 1-5 scale (from strongly disagree
to strongly agree) for predetermined statements that can be
seen in Table V accompanied by the mean-obtained results
from a battery of linguistic summaries, as well as the standard
deviation (STDEV) for a more detailed analysis.

B. Discussion and Limitations

The overall DoU obtained from survey respondents is
around 0.73, demonstrating the viability and validity of the
developed proposal in its preliminary stage. Fig. 11 shows
the results for every group of TUs. Taking a deeper look,
those statements referring to the included information in the
summary, the comprehension of the instances and the quality
of the description (s. 1, 2, 3, 5, 6, and 8) have achieved positive
results (DoU > 0.7), some presenting little variation (s. 1, 3,
5, and 8). Concurrently, results for statement 6 demonstrate the
need of including fuzzy summarizers related to day intervals,
plus the optimal utilization of them as qualifiers when creating
high-level protoforms. As expected, there is a lack of causality
understanding in general (s. 4), due to the unlabeled data
that has been collected, not contemplating notes corresponding
to food ingestion or physical activity, what translates into
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Fig. 11. Detailed DoU of the developed system.

necessitating more informed judgments with little changes in
the expressions (s. 7, 9, and 10).

In detail, healthcare professionals show the highest accep-
tance of the system, emphasizing not only their positive view
of the knowledge modeled (s. 5, 6, and 8) but also their support
toward the no need of more expert-guided explanations (s. 9
and 10), even though this last statement corresponds to every
individual’s subjectivity. Patients and their relatives also have
a positive perception of the system, although they are more
reticent in general; expected in advance as the survey results
represent an isolated case, despite the system’s adaptability to
individual patients.

It is noteworthy that our research has successfully presented
a novel approach for diabetes care, diagnosis and treatment
guided by expert knowledge in a multipatient ecosystem.
However, since the collected data only rely on glucose levels
measures, our approach has a limited scope as it could be
important not to overlook essential factors that could impact
over glucose management, i.e., meal timing, physical activity,
medication usage, or insulin supply. Moreover, generalization
cannot be applied as different patients may need to vary
the system’s parameters for glucose dynamics description;
the proposed framework still considers the personalization of
these parameters aiming to a betterment of the end-users’
experience.

C. Quantitative Comparison Involving GPT-4

Given that the summarization methodology is unprece-
dented in the glucose domain, the performance of the artificial
intelligence (AI) chatbot running GPT-40 technology has
been tested regarding the steps-to-follow exposed in [25]
together with the expanded considerations found in [24]. It is
pretended to consider an overview of the results thrown by a
nondedicated tool for linguistic summarization, carrying out
a methodology including a discussion forum with technical
experts when evaluating the generated outputs. This validation
method is also done in [24], where the description of glucose
TS is conducted in accordance with two different tasks. First,
the proposal focus on evaluating metrics’ generation and,
in the second part, it creates a summarization of data high-
lighting the most relevant aspects; the knowledge is modeled
according to expert guidance as well as the requirements the
summary should meet in terms of content and structure.

IEEE INTERNET OF THINGS JOURNAL, VOL. 11, NO. 19, 1 OCTOBER 2024

Aiming to evaluate the performance of this proposal to
describe one-day-glucose TS with GPT-40, a battery of tests
has been organized using three different scenarios for two
different kinds of TS, the original and the segmented one (as
shown in Table VI):

1) GPT-40 chatbot [54];

2) Data Analyst plug-in powered by GPT-4 [24];

3) our proposed GLiDTS-based system.

Note that data imputation is made over the collected TS as
specified in our methodology.

The prompt starts providing GPT-40 with the file containing
the TS to describe, followed by the next instructions: “Act
as an endocrinologist expert in diabetes care and analyze the
provided continuous glucose monitored data for its description
including the most relevant information, such as anomalous
events (hyperglycemia and hypoglycemia episodes), variation
and summarized values. To do so, make a summary in NL
contemplating day intervals.” The generated output from the
LLM for the three different TS illustrated in Table III are
shown in Table VI. Note that superfluous information provided
by this technology regarding potential adjustments in diabetes
management, as shown in the first output, is avoided for space
reasons.

To assess the performance of this technology, different
criteria are defined to measure how closely GPT-4 systems
meet anticipated human expectations. Table VII reflects these
criteria together with the satisfaction degree of the previous
generated summaries (Table VII) and the scoring for each one:
1 (satisfied) or O (nonsatisfied). For example, a score of 0-0-
1 means that only the third of the three analyzed TS meets
this criterion. It is essential to emphasize that quality directives
are designed to address the needs of all expected audience,
including patients, their relatives, and medical staff.

The obtained results have proven the viability and validity of
the proposed GLiDTS-based system, after achieving a degree
of acceptance of 86%. However, it must be highlighted the
notable score of 76% the Data Analyst plug-in of GPT-4 has
reached when analyzing the segmented TS; the process of
simplifying the collected data has been verified to be feasible,
as through the utilization of the two technologies, the analysis
of the original TS makes the results obtained worse. In general,
GPT-4 technology causes the summaries to have invalid state-
ments due to its incapability for data aggregation (consecutive
hypoglycemia events are expressed separately), and its inflex-
ibility when modeling the expected knowledge (sometimes
considering hypo/hyperglycemia episodes while sometimes
not), generating confusion when looking at the graphical
representation of the corresponding TS. The proposed system
is capable of capturing all significant trends while GPT-4 does
not show interest in them, while providing different statistical
metrics the approach we present does not. In contrary, we
have put the focus on a semantic output that GPT-4 sometimes
contemplates. Nonetheless, in most cases, all technologies
meet the requirements expected for insignificant measures
omission, nonrequired data petition, relevant events’ timing
and the achievement of concise descriptions. Additionally,
it is noticed that while the generated system in this work
may expose little redundancies, GPT-4 approaches always
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TABLE VI
GPT-40 AND DATA ANALYST PLUG-IN BY GPT-4 PERFORMANCE IN GLUCOSE TS SUMMARIZATION

TS# | TS Type | Points# | Technology | Summary Exec.
Time
GPT-40 The continuous glucose monitoring data from September 19, 2023, shows an average glucose level | 9s

of 89.4 mg/dL with a standard deviation of 36.1 mg/dL. Throughout the day, glucose levels ranged
from a minimum of 39 mg/dL, which is a hypoglycemic episode, to a maximum of 171 mg/dL.
No hyperglycemic events occurred. A total of 287 measurements were recorded, with the median
glucose level at 88 mg/dL. Episodes of hypoglycemia were noted but specific details on frequency
or duration would require further analysis. This summary provides an overview of the glucose
level fluctuations and notable events for the day, useful for guiding further detailed examination
and potential adjustments in diabetes management.

GPT- The continuous glucose monitoring data shows numerous instances of hypoglycemia, totaling | 21s
4-Data 111 events throughout the day. The hypoglycemic episodes occur at various times, with glucose
Analyst levels ranging from 39 mg/dL to 69 mg/dL, and an average of around 53 mg/dL. There are no
instances of severe hyperglycemia (above 180 mg/dL) in the dataset. Notably, the data reveals
regular fluctuations below the hypoglycemic threshold, particularly evident during late night and
early morning hours. (Superfluous information)

GPT-40 The data shows glucose measurements from September 19, 2023. On this day, the glucose levels | 7.9s
ranged from a minimum of 39 mg/dL to a maximum of 171 mg/dL, with an average glucose level
of approximately 84 mg/dL. There were 3 episodes of hypoglycemia, where glucose levels fell
below 70 mg/dL. There were no episodes of hyperglycemia, as the glucose levels did not exceed
180 mg/dL. (Superfluous information)

GPT- The continuous glucose monitoring data from September 19, 2023, includes seven readings, with | 18s
4-Data glucose levels averaging 84.3 mg/dL. Hypoglycemic events occurred three times, most notably
Analyst early in the morning at 2:30 am and late at night at 23:55 pm. The lowest recorded glucose level
was 39 mg/dL. There were no instances of hyperglycemia. The overall glucose variation was
substantial, with a standard deviation of 44.7 mg/dL.

GPT-40 The continuous glucose monitoring data from September 24, 2023, reveals an average glucose level | 8.9s
of 121.1 mg/dL with a variation of 41.8 mg/dL. There were 32 episodes of hyperglycemia, where
glucose levels exceeded 180 mg/dL, and 34 episodes of hypoglycemia, with levels falling below
70 mg/dL. Notably, glucose levels fluctuated between a minimum of 42 mg/dL and a maximum
of 226 mg/dL throughout the day. (Superfluous information)

GPT- The continuous glucose monitoring data reveals an average glucose level of 121.15 mg/dL with a | 19.2s
4-Data variability of 41.75 mg/dL. The lowest recorded glucose was 42 mg/dL and the highest was 226
Analyst mg/dL. There were 34 hypoglycemic episodes, most commonly occurring around 5 pm, and 32
hyperglycemic episodes, most frequently at 1 am. (Superfluous information)

GPT-40 The continuous glucose monitoring data from September 24, 2023, shows multiple episodes of | 9.1s
glucose level fluctuations. Hyperglycemia was observed four times: at 01:05, 02:20, 03:25, and
18:45. Hypoglycemia occurred four times as well: at 05:45, 09:00, 16:55, and 17:50. The average
glucose level was approximately 134 mg/dL, indicating significant variance throughout the day.
(Superfluous information)

GPT- The glucose measurements varied significantly, with a minimum of 42 mg/dL, and a maximum | 23s
4-Data of 226 mg/dL. Hypoglycemia occurred at 05:45, 09:00, 16:55, and 17:50, whereas hyperglycemia
Analyst episodes were noted at 01:05, 02:20, 03:25, and 18:45. Overall, the mean glucose level was 133.94
mg/dL. (Superfluous information)

GPT-40 The continuous glucose monitoring data from November 3, 2023, indicates an average glucose | 17.2s
level of 98.9 mg/dL with a standard deviation of 36.0 mg/dL, highlighting considerable day-to-
day variability. The data comprises 271 measurements, spanning from a minimum of 39 mg/dL to
a maximum of 169 mg/dL. Notably, there were no hyperglycemic events observed. The median
glucose value was approximately 91.8 mg/dL. Episodes of hypoglycemia were recorded, which are
critical for evaluating and possibly refining diabetes management plans. (Superfluous information)

Original 288

Segmented | 7

Original 288

Segmented | 17

Original 272

GPT- The continuous glucose monitoring data contains 271 entries from November 3, 2023, sampled | 38.5s
4-Data every 5 minutes. The glucose levels range from a low of 39 mg/dL, indicating episodes of severe
Analyst hypoglycemia, to a high of 169 mg/dL, which could suggest periods of hyperglycemia. The average

glucose concentration is approximately 99 mg/dL, with a standard deviation of about 36 mg/dL.
Notable is the presence of hypoglycemic readings at the beginning of the dataset, with multiple
values at 39 mg/dL. More detailed analysis regarding the specific timing of hyperglycemic peaks
and other fluctuations throughout the day could provide further insights into glucose control and
necessary adjustments in diabetes management for the individual.

GPT-40 Analyzing the continuous glucose monitoring data from November 3, 2023, reveals that the | 12.3s
individual’s glucose levels fluctuated significantly throughout the day. There were 15 recorded
measurements with an average glucose level of approximately 100 mg/dL. The standard deviation
was high at 48 mg/dL, indicating variable glucose control. The data shows five episodes of
hypoglycemia, with the lowest reading at 39 mg/dL. These hypoglycemic events were observed
mostly during the early hours. No episodes of hyperglycemia were recorded; the highest glucose
level was 166 mg/dL. This summary suggests a pattern of nocturnal hypoglycemia that needs
attention to adjust diabetes management strategies effectively.

Segmented | 15

GPT- The data shows glucose measurements taken on November 3rd, 2023, ranging from 39 mg/dL to | 41.3s
4-Data 166 mg/dL with an average of around 100 mg/dL. There were hypoglycemic events early in the
Analyst morning between 00:05 am and 01:05 am. Hyperglycemic events occurred around 09:15 am and

later in the day. The data exhibits significant variation, with glucose levels often swinging widely
over a short period, suggesting episodes of acute glycemic changes. (Superfluous information)

suggest vague recommendations accompanied by superfluous the day. Finally, in terms of execution time, while GPT-40
information. Also, GPT-4 cannot deal with a gradual summa- chatbot takes around 11 s and the GPT-4 Data Analyst Plug-
rization of data in a progressive manner over the course of In performance is prolonged up to 27 s on average, the
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TABLE VII
PERFORMANCE OF GLIDTS AND GPT-4 IN SATISFYING EVALUATION CRITERIA

# Criterion GLiDTS GPT-40- GPT-4o- GPT-4 Data | GPT-4 Data
Original TS | Segmented Analyst- Analyst-
TS Original TS | Segmented
TS
Cl The text provided is not composed of invalid statements. 1 0 0.33 (0-0-1) 0.33 (0-0-1) 0.33 (0-1-0)
C2 The most relevant aspects of the TS have been highlighted. 1 0.33 (0-1-0) 1 1 1
C3 Hyperglycemia and hypoglycemia events are captured. 1 1 1 1 1
C4 Sharp increases and decreases are detected in the collected | 1 0 0 0 0
values.
C5 The values of most collected instances have been summarized | 1 0.33 (0-1-0) 0.67 (0-1-1) 0.33 (0-0-1) 0.67 (1-0-1)
in a semantic and a coherent manner.
Co6 The values of most collected instances have been summarized | 0 1 1 1 1
with statistical metrics.
C7 Insignificant measures are omitted. 0.67 (1-0-1) 0.67 (1-1-0) 0.67 (1-1-0) 0.67 (1-1-0) 1
C8 Relevant episodes are mentioned together with the day mo- | 1 0 1 0.67 (1-1-0) 1
ment or the exact time of its occurrence.
Cc9 Irrelevant required data situations are not specified. 1 1 1 0.67 (1-1-0) 1
C10 | The TS is not described redundantly. 0.33 (0-1-0) 0.67 (1-0-1) 0.67 (1-0-1) 0.33 (0-1-0) 1
C11 | The TS is described step-by-step over time. 1 0 0 0 0.33 (0-0-1)
C12 | The generated natural language is not specialized in the | 1 0.67 (0-1-1) 1 0.67 (1-1-0) 1
domain.
Cl13 Superfluous information is omitted. 1 0 0.33 (0-0-1) 0 0.33 (1-0-0)
C14 | A short and concise description is provided. 1 0.33 (0-1-0) 1 0.67 (1-1-0) 1
Overall score 0.86 0.45 0.69 0.52 0.76

proposed system lasts around 2 s to generate the linguistic
summary.

The designed decision criteria in our work is centered in
evaluating the linguistic description itself for its communica-
tion to the potential target audience these technologies could
be integrated in, in contrast to [24], which specifies criteria
for evaluation by experts; the expected output is predefined
in the prompt using a template composed of acronyms and
codifications, not focusing on generating a language that is
familiar and close to the end users, deriving in the necessity of
a higher mental effort. Additionally, along with the effort they
put on stating the expert knowledge as an input, this proposal
does not take advantage of the proper nature of LLMs. In the
first case, the ability of GPT-4 to generate NL is avoided and,
in the second case, the huge amount of data the technology
has been trained with is eluded by the time the knowledge to
model is defined.

In general, GPT-4 technology has demonstrated some useful
and reasonable statements, despite both errors or hallucinations
in identifying relevant phenomena, and mistakes in providing
clinical conclusions or advice, due to an inappropriate code
generation and/or its misinterpretation. For instance, little
variability is assumed as a regular and proper control of insulin
while all glucose levels are high as shown in [24]. At this point,
it is highlighted how the provided prompt consists in a single
petition, even though the output obtained from an LLM could
be polished through an iterative process. However, identifying
such mistakes or confusions requires an acute overview of
the data-related cause—effect relationship with the generated
output, not resolving the problem we are handling. Equally,
the obtained output is stochastic, so the same TS analysis
never generates an identical response, even with a template,
and since the evaluation is based on the current model, the
linguistic summary is not controllable over time.

Upon delving into the examination of the GPT-4 model
generation process, it is important to emphasize the significant

computational resources needed, as specified in [55], requiring
a supercomputer for complexity and scale reasons, prompting a
discussion on the optimization of resource allocation to ensure
environmental and economic sustainability. Therefore, it is
accentuated the need for evaluating the GLiDTS-based system
together with GPT-4 technology from a sustainable point of
view, throughout their alignment with the United Nations
Sustainable Development Goals (SDGs) [56]. Given their
capability for being integrated in real word scenarios, both
systems contribute to SDG #3: Good Health and Well-Being,
as characterized to develop a new service in the healthcare
domain for diabetes management. Nonetheless, there is a mis-
alignment between GPT-4 technology and the goals SDG #10:
Reduced Inequalities and SDG #12: Responsible Consumption
and Production. This is a consequence of GPT-4 substantial
monetary cost and significant resource consumption for its
generation, which may exacerbate inequalities and lead to
unsustainable resource utilization. Conversely, our GLiDTS-
based system demonstrates a better alignment by effectively
contributing to these goals, as it adheres to open science stan-
dards and is provided free of charge, as well as necessitating
low resource consumption.

As a result, LLMs have shown that they can generate
acceptable results, but the low interpretability and the great
effort required for their construction, the low quality of the
result, and its incapacity to be aligned with the SGDs have led
us to discard its use. In this sense, this proposal has proven
to be feasible, innovative, sustainable, and complete in both, a
qualitative and a quantitative manner, demonstrating the need
of developing specialized tools in the domain of the problem
we are handling.

VI. CONCLUSION AND FUTURE WORK

This study has successfully introduced a complete proposal
for the generation of high-quality linguistic summaries from
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TS, establishing a knowledge representation model for a
posterior generation of NL descriptions in the field of diabetes
and the control of glucose measurements. To do that, a real-
time multipatient monitoring architecture has been developed
to keep track of the evolution of glucose levels, by means data
acquired from an interstitial continuous glucose monitoring
Sensor.

The resulting multipatient framework allows to monitor
and visualize diabetes measures in an interpretable way,
thanks to the layer-based methodology, where experts and
diabetic users (or their relatives) have been involved in its
design. Consequently, this system tends to focus on relevant
phenomena when observing a graphical representation of an
individual’s glucose data, considering different abstraction
levels to effectively achieve this goal, in a similar way as
humans do. Moreover, the use of the FL theory has been
applied to extrapolate those key elements into words.

As future work, we aim to introduce a betterment of
the linguistic descriptions by considering a more extended
period of time, pretending to enable the assessment of a
patient’s historical data, while also considering the analysis of
improvements or decays in eating habits.
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