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Abstract. The use of activity monitoring sensors on users with some
type of disease or dependence is very useful for health technicians, for
family members or for the user himself. The knowledge of these values in
real time allows alerting of a possible crisis or starting correcting actions
to prevent a serious health problem. For this reason, many proposals have
been made to summarize in words the huge amount of measures taken by
these sensors in order to highlight only what is really important for the
end user, family or medical staff. The emergence of new text generation
tools based on Artificial Intelligence (AI), such as the latest GPT-4, is
having a major impact in the healthcare field. In this article we analyze
how the latest version of ChatGPT, allows the generation of linguistic
summaries in natural language from glucose sensor measurements. We
also learn how to ask the right questions to obtain the type of output
adapted to the user, whether or not it is necessary to perform some kind
of preprocessing on the data to be analyzed and what are the strengths
and drawbacks of this technology.
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1 Introduction

The Generative Pre-trained Transformer (GPT) family of Large Language Mod-
els, such ChatGPT o Bard, have revolutionized the current society and are going
to set a new milestone in the technological race of the last decades[7]. These tools
are able to produce themselves as humans providing answers to any question, in
a fluent, agile, coherent, and natural way. In addition, they can respond to differ-
ent roles, in different styles, whether conversational, written, requests, scientific
texts, etc. and even in different spoken languages or programming languages.

* This work has been partially supported by the Government of Spain through the
projects RTI2018-098979-A-100 MCIN/ AEI/10.13039/501100011033/, ERDF “A
way to make Europe”, B-TIC-744-UGR20 ADIM: Accesibilidad de Datos para In-
vestigacion Médica of the Junta de Andalucia and the University of Jaén under
Action 1 with reference EI_TIC1_2021.
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Since the ChatGPT chatbot was released last 2022, it has been used in numer-
ous applications with amazing results. In the healthcare field, its use is also being
evaluated, especially with the new GPT-4 engine released in 2023, which out-
performs ChatGPT-3.5 on all the tasks and is also capable of analyzing images
[1].

In recent decades, there has been a dramatic increase in the number of devices
for monitoring subjects to control and even prevent their degree of well-being.
These sensors generate such a large amount of information that it is very difficult
to process by healthcare personnel, end users or their relatives, either because
of the large volume of data or because they lack the technical training needed to
understand it correctly. The generation of linguistic summaries of Time Series
(TS) has provided a solution to these problems since it represents in text form
the relevant information adapted to the needs of the end user. The generation
of these summaries requires the supervision and knowledge of an expert who
specifies the quality measures that the generated summary must meet.

In this proposal, an analysis of the performance of ChatGPT with GPT-4
in the generation of linguistic summaries of T'S of blood glucose measurements
is carried out. These measurements are taken through a monitoring device that
controls glucose every 5 minutes. The values obtained are provided to this Arti-
ficial Intelligence (AI) and its conclusions are analyzed and different alternatives
in the processing of the series are proposed to try to obtain the best possible
output.

2 Chatgpt

ChatGPT is an artificial intelligence chatbot developed by OpenAl [1, 25, 20].
ChatGPT, using GPT-4 model, excels at creating fluent and natural texts, even
in academic scenarios, where the incorporation of citations and references is quite
acceptable. However, the bibliographic references and other sources of data, de-
pending on the version used may be outdated, incorrect or invented [3]. Another
problem of this AI is the generation of hallucinations [16], understood as the
generation of seemingly realistic sensory experiences that do not correspond to
any real-world input. Moreover, it exhibits pervasive biases making the use of
this technology controversial in different areas. It also can not analyze audio or
video or generate arithmetic errors that a simple calculator would never have
[12]. Despite these problems, it has been tested in many scenarios with impressive
results. In academics, GPT-4 achieves top scores in several exams for accessing
to universities or certifications. It is able to write automatically various types of
documents, including reports, summaries and even book reviews. In medicine it
is being proved that this AT is able to provide assistance to the practitioners in
many areas [7].
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3 Generation of Linguistic Summaries

The process of generating linguistic summaries from Time Series, formally called
Generation of Linguistic Descriptions of Time Series (GLiDTS), has been largely
studied in the literature (see compilations of [18], [21], [17], [6]). Its main objec-
tive is to summarize raw data (mostly obtained from sensors) in a set of words,
highlighting the most relevant phenomena identified in the T'S, and adapting the
language to the end user. Just as it would happen if it were a human interpreting
these data. The purpose of the GLIDTS is very versatile, from the possibility of
transmitting these data through text messages or to be audible, as the possibility
of interpretation of technical data by users who have not expertness in the field
of application of these data. There are many applications of these techniques
in the literature, some examples are those related with summarizing weather
reports using Natural Language Procesing (NLP) as we can see in the works of
Reiter et al. [22] and Ramos-Soto et al. [21]. Trivino et al. in [10], [4], [23], [24]
generate summaries of streaming data in different application areas such as the
energy consumption, gait analysis, etc. Banaee et al. [5] propose a partial trend
detection algorithm to describe particular changes of health parameters in phys-
iological TS data. Marin et al. in [9], [8] developed a mechanism that describes
TS where time is expressed in different granularities. Finally, Martinez-Cruz et
al. [19] presented a way of describing TS using the patterns detected in the TS,
at different levels of abstraction. However, these techniques are complex as de-
scribed in [18] since a knowledge model should be developed in order to obtain
the most suitable summary according to the final user requirements. Moreover,
the final text description must accomplish a set of quality standards specified
by the domain experts. In this proposal, we try to avoid these steps by seeking
the knowledge provided by the AI and, in particular, the one recently released,
GPT-4.

4 Linguistic Summaries using ChatGPT

The process of generating linguistic summaries from TS or any other data source
through the use of chatbot is a subjective process. Not only the process of
generating summaries is opaque because of the nature of the technology, but
the handling of natural language itself is subjective as well. For this reason, a
methodology is presented here to allows us to analyze the results as objectively
as possible. The proposal also describes different improvement processes that
can be applied to increase the quality of the final text.

4.1 Methodology

The methodology used in this proposal consists in six phases illustrated in Figure
1 and described below:

Step 1. Data acquisition. A device embedded under the skin collects data that
are transmitted to a database.
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Fig. 1: System methodology.

Step 2. Preprocessing data. Data are processed to avoid inaccuracies generated
by the sensors themselves, such as transmission errors or noise, empty periods
of data, etc.

Step 3. Data simplification. This process allows highlighting the most relevant
values of the T'S while reducing the amount of data to be processed.

Step 4. Interaction with the chatbot. It consists of providing the chatbot with
a textual description of the simplified TS and some prompting in the appro-
priate manner to obtain the best possible output.

Step 5. Experimentation. Analysis of the output obtained from a set of TS.

Step 6. Evaluate output. Evaluation of the linguistic summaries obtained by
the chatbot.

4.2 Description of the problem

Data have to be acquired, processed and in some cases, preprocessed (steps 1
and 2). In this proposal we have used data obtained through an invasive glucose
sensor connected via NFC (Near-Field Communication) and BLE (Bluetooth
Low Energy). This sensor gets the interstitial fluid data, processes it and sends
the samples continuously (one sample every five minutes) to a server running a
MongoDB database. This data is accessible through a web application. In this
proposal, glucose data are collected and preprocessed to fill spaces with no data
below a threshold set at 30 minutes, to avoid any error caused by temporary
connection problems between the sensor and the server. In this case, a moving
average operation is performed on the data around the empty spaces, with a
window of size 5.

4.3 Simplification process

When a Time Series contains many points, it is advisable to reduce this number
of points so that its processing is simplified, in terms of efficiency and complexity.
For example, the time series used in this experimentation are 288 points (with
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some exceptions e.g. empty periods), resulting from monitoring a user’s glucose
every b minutes over the course of a day. This number may be too large to
be processed by an artificial intelligence with satisfactory results. To simplify
this number, a TS segmentation algorithm has been chosen using a technique
similar to that performed by humans when observing a graph, where the most
relevant points (peaks or valleys) are highlighted, and the rest are omitted. For
this purpose, the Douglas-Peucker method has been used, whose algorithm can
be seen in [11]. There are other segmentation methods, such as the Breakpoint
Detection Algorithms [2], the Minimum Description Length [13], Moving Average
Algorithm or those indicated in [14] [15]. However, it has been considered that
geometric techniques are very useful in these cases, as discussed in [19].

This method filters those points whose distance is less than a given threshold
(€), so that only the most representative points of the series remain in a natural
way. For this experiment, three thresholds have been used: e = 0 i.e. no threshold,
€ = 0.2 that generates a mild segmentation, and € = 0.4, which develops a more
drastic segmentation. An example of this process is illustrated in Figure 2 from
a TS of glucose data recorded on a person on December 31st, 2022.

Glucose level
Glucose level

00:00 03:00 06:00 09:00 12:00 15:00 18:00 21:00 00:00 03:00 06:00 09:00 12:00 15:00 18:00 21:00
Dec 31, 2022 Dec 31, 2022

Datetime Datetime

(a) Original TS (b) Original TS vs. £ = 0.2

Glucose level

00:00 03:00 06:00 09:00 12:00 15:00 18:00 21:00
Dec 31, 2022

Datetime

(c) Original TS vs. e = 0.4

Fig.2: TS Simplification (December 31st, 2022).
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5 Experimentation

The goal of this experimentation is to obtain a textual description from a TS
of sufficient quality to help the end user to understand the evolution of the
measure, either with or without access to the graph. Moreover, the output must
be short and highlight the most relevant events, which in the context of glucose,
are related to relevant sugar highs or lows. To do so, in this experimentation we
analyze:

— The choice of words as the prompt of the chatbot.
— The number of points included in the TS for obtaining the best description.

The interaction with ChatGPT (using GPT-4) consists in the creation of
new conversations, where the Al uses a contextual memory to store the relevant
details it needs to improve its answers. For this reason, we can perform multiple
data insertions in the same conversation to obtain the desired result. Also, any
response generated by this technology can be rephrased, so that the Al generates
another output with the same purpose but using different words. However, the
optimization of resources to obtain an answer must be taken into account, and
performing a large number of interactions with the Al or generating different
phrases for the same query is time and effort consuming.

We have try the following prompts once provided the TS! to the chatbot:

- Make a short linguistic summary of the following TS of glucose.
- Make a brief summary of the previous TS of glucose levels
stressing the trends, variability and most relevant features.

- Generate a brief summary of the previous TS of glucose
measures, highlighting the most relevant features.

The results obtained using any of these prompts are similar, highlighting the
most representative elements of the TS, but varying the length and quality of
the summary depending on the number of points entered. The prompt chosen
for this experimentation is as follows:

Make a summary of this Time Series in less than 100 words with the
most relevant information.

The output obtained from the AI has been analyzed for three sets of data:
i) The original time series (described in Section 4.3) that is illustrated with an
example in Figure 2 (a), ii) A “medium” simplification used with an ¢ = 0.2,
where the number of points obtained keeps the general trend of the graph, as can
be seen in Illustration 2 (b), and iii) A “strong” simplification generated with
e = 0.4, which gives us a very segmented TS where only the most significant
points are maintained, as shown in Ilustration 2 (¢). The GPT-4 responses to
those inputs are shown in Table 1.

1 Although GPT-4 allows the analysis of figures, this is still a beta feature and therefore
has not been used in our experimentation.
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Table 1: Output of GPT-4 for a TS recorded on December 31st, 2022
Original TS(e = 0). Number of points: 282.
The glucose level time series for one person throughout the day shows a gradual decrease
from 135.0 to 84.0 in the first few hours, reaching a minimum of 75.0. From there, the
glucose levels gradually increase, peaking at 166.0 before stabilizing around 90.0-110.0.
The most notable patterns include a decrease during the early morning hours, a rise
during the afternoon, and a subsequent decrease during the evening. Overall, the glucose
levels exhibit fluctuations within a range, with occasional spikes and dips throughout the
day.
“Medium” simplification (e = 0.2). Number of points: 22.
The provided time series represents the glucose levels of an individual over a day. The
range of glucose levels varies from 75.0 to 166.0 units. The average glucose level appears
to be around 105.0 units. There are fluctuations throughout the day, with some notable
spikes and drops. The lowest glucose reading was 75.0 units, while the highest was 166.0
units. It’s important to note that this summary is based on the limited information
provided and does not account for potential patterns or underlying factors that may
influence glucose levels. Consulting a medical professional for a thorough analysis is
advised.
“Strong” simplification (e = 0.4). Number of points: 7.
The provided time series data represents a person’s glucose levels throughout the day.
The initial measurement at midnight is 109.0, and it gradually decreases to 86.0 by
14:20. However, there is a significant spike at 15:15, with the glucose level reaching
166.0. Subsequently, it drops to 98.0 at 15:45 and then increases to 137.0 at 16:45. A
sudden decrease is observed at 17:35 to 77.0. Towards the end of the day, at 23:55,
the glucose level is recorded as 98.0 again. The data showcases fluctuations in glucose
levels, with notable variations at specific time points.

6 Evaluation

To assess the performance of this technology based on its outcomes, various
criteria have been established to compare how effectively the Al system aligns
with human-expected statements.

C1 Highlight of relevant values (peaks, valleys, sharp increases or decreases, etc).

C2 Highlight of more complex structures involving sets of peaks or valleys, or
significant fluctuations.

C3 Summarize the value of the majority of registered instances through statis-
tical values.

C4 Summarize the value of the majority of relevant registered instances.

C5 Omit not significant measures (i.e.: normal glucose levels).

C6 Indicate the day time a relevant situation is registered (hour or moment of
the day)

C7 Describe TS progressively in time.

C8 Detect no-data-collection-intervals along the TS.

C9 Describe the TS values in a semantic manner (i.e.: high glucose levels).

C10 Include vague recommendations or superfluous information.
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C11 Include incorrect statements.

C12 Omit relevant information.

C13 Describe TS briefly.

C14 Describe TS redundantly.

C15 Warn about the need of more input data for the description.

For this experimentation, 5 days of data have been tested, i.e. a total of 15
Time Series with different amount of data. The results obtained and their anal-
ysis are discussed below. The scale defined in Figure 3 refers to the percentage
of the TS for which the AT satisfies a certain criterion.

Never Rarely Sometimes Almost Always
always
0 0.2 04 0.8 1

Fig. 3: GPT-4 performance scale.

Table 2: Checklist to validate the ChatGPT output.

|Criterion| e=0 | €e=02 | €e=04 |
C1 Always Always Always
C2 Never Never Never
C3 Rarely Almost always Rarely
C4 Never Never Never
C5 Rarely Rarely Never
C6 Always Almost always Always
Cr Always Sometimes |Almost always
C8 Never Never Never
C9 Rarely Rarely Never
C10 |Almost always|Almost always|Almost always
C11 |Almost always Rarely Rarely
C12 Always Almost always Never
C13  |Almost always Always Always
Cl4 Rarely Almost always Rarely
C15 Never Sometimes Never

The generated results allow the following conclusions to be drawn:

— Using the total number of glucose measures collected as input data leads the
Al to generate incorrect sentences, as it tries to describe a huge amount of
data in a few words.

— The generated output from a segmented TS with a “strong” simplification
includes a more progressive linguistic description over time, due to the low
number of points involved.
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— All the linguistic descriptions generated by GPT-4 include values and times
of the day which are quite accurate. It must be noticed that non-significant
glucose measures are not filtered, i.e. normal glucose levels or irrelevant fluc-
tuations which do not contribute to a transcendental knowledge.

— GPT-4 is unable to detect intervals of no-data, assuming a complete collec-
tion of registered instances in the input data set.

— The different outputs provided by GPT-4 contain trivial sentences or recom-
mendations which move away from the main purpose of describing a graph-
ical representation of a TS.

— GPT-4 randomly generates linguistic summaries following a correct time
sequence but tends to describe the TS in a ”discrete way” by jumping be-
tween relevant events. Therefore it does not provide a proper description of
the trend and evolution of the TS over time.

7 Conclusion

The generation of linguistic summaries from time series facilitates the task of
interpreting data obtained, for example from IoT devices, for family members or
non-experts. Specifically, in the context of glucose, given the nature of the data,
it is advisable to obtain only the relevant information, peaks or valleys with high
or low values, and when they have taken place, avoiding redundancies or data
that only result in extending the size of the final text. The use of ChatGPT to
perform this type of summaries has shown us that the data output is totally
dependent on the number of TS measures. If a large number of data is provided,
ChatGPT will not return a correct summary, since it omits relevant information
and performs a description that does not follow a temporal sequence. On the
other hand, a TS with few points does not generate a good result either, since
instead of an actual summary, it generates a straightforward text transcription
of the TS values. A medium number of points is the most advisable option.
However, it should be noted that in general, ChatGPT returns superfluous and
not very relevant information, such as tips or statements that only lengthens a
description that is expected to be short.

Also, the lack of open source code for GPT, in any of its versions, makes it
difficult to know how to introduce data in this platform in order to obtain good
results. However, it is possible to train the tool in certain areas of knowledge,
so that a large data bank would be needed to obtain the desired results, in the
form that the end user needs.

In any case, the results provided by this tool are impressive, and we believe
that it is only a matter of time before ChatGPT or any LLM-based chatbot is
used as a standard method for the generation of quality user-tailored summaries
to the user’s needs in a variety of different contexts.
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