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Abstract—Heart Rate (HR) measurement is one of the most
effective ways to determine whether a person is stressed or
not. The analysis of a series of HR measurements can help
determine whether the HR decreased, increased dramatically,
or remained consistent during that time period. With this in
mind, an automatic annotator that can automatically label HR
sequences, determining these three possible states, is an ideal
solution because it eliminates the need for a human to do it
manually. This paper presents a web-based application that, given
a .csv file containing Heart Rate successive measurements and
their respective time stamps, can label sequences of any size
that the user specifies. This opens up the possibility of training
Machine Learning models with this data and classifying whether
the user is in a stressful situation or not, in real time. Although
further refinements will be made, our annotator proved to be
robust and consistent in its annotation performance.

Index Terms—Heart Rate, Machine Learning, Annotation,
Web Application

I. INTRODUCTION

Data annotation is the process of labeling data to provide
context and simplify the training of Machine Learning (ML)
models. Labeled examples are required for training supervised
models, in order for machines to interpret the input data
precisely and unambiguously. It can be used with different
formats and data types, helping to provide the context and
structure for the model to effectively process and understand
the data.

Some of this data is instantaneous, such as the images of
the patient’s face, and others are time sequences, such as the
heart rate and body motion rate. In the latter, it can be applied
by indicating the type of event or activity being recorded (e.g.
pick a bottle, open a bottle, throw a bottle), assisting the model
in understanding the meaning of the data and making more
informed predictions [1]. It can also be very useful to annotate
speech data with labels indicating the words or phrases being
spoken to assist the model in understanding the meaning and
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context of the speech [2]. Annotating data is also essential for
Natural Language Processing (NLP), which helps ML models
absorb and comprehend human language. Sentiment analysis
is an example of this, as it requires text data to be tagged with
labels reflecting the sentiment expressed in the text (positive,
negative, or neutral) [3].

In previous work, facial expressions classification has been
used to infer human emotions in a schizophrenia rehabilitation
serious game [4]-[6]. This is being complemented with Body
Motion Rate (BMR), calculate from the variation of motion
in a sequence of video frames of the patient and, finally,
with the instant Heart Rate (HR), to infer his stress level. All
of this information provides the environment for a dynamic
adaptation of the rehabilitation experience [7].

Successive measurements of HR values show the evolution
of the heart rhythm but require some understanding, in the
form of a label indicating whether these values tended to
decrease, increase, or maintain over time. This analysis can
be performed in “windows”, or sequences of varying sizes,
allowing us to extract portions of e.g. 30 or 45 seconds, and
analyze each sequence individually, allowing to classify the
succession of HR values into three distinct values (0, 1 and
-1).

Labeled examples from different subjects allow building a
dataset necessary to train a classification model. This model
can then be used to classify HR values in real-time, producing
information about the user’s emotional state. With this, it will
be possible to determine, for example, whether the user is
under stress. Expert manual annotation of biosignals is the
recognized gold standard in the medical industry. An auto-
mated annotating algorithm has largely replaced the manual
annotating mode because it saves time and automates the
process [8].

This paper describes the development and structure of
a web-based automatic annotator that labels sequences of
successive human heart rate measurements. It is structured in
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five sections, starting with this introduction. Section II per-
forms some considerations regarding the annotation process,
followed by the description of the web-based annotation, in
section IIl. The evaluation of the quality of the annotator
is performed in section IV and the paper ends with some
conclusions, in section V.

II. DATASET ANNOTATION

Annotating a dataset can be done either automatically or
manually. For the manual way, it requires the human to
be consistently annotating large amounts of data, based on
a set of consistent parameters [9]. The most efficient and
time-saving method is to use ML algorithms to find patterns
in data and label it automatically [10]. Data annotation is
necessary for many different domains of knowledge, such as
Healthcare [11], Text and Document analysis [12], Human
Pose estimation [13], Human Activity Recognition [14], etc.

Nabizadeh et al. [15] developed an annotator, using instruc-
tional text in electronics repair manuals (MyFixit). MyFixit
is a library of repair manuals. These manuals were broken
down into several steps by the instructors, and at each step,
the user should typically take a specific piece of the device
under repair apart. Part of the dataset was manually annotated
but the authors have also proposed an unsupervised method for
the automatic annotation of tools from each step description.
Their method uses the Jaccard similarity between the bags of
n-grams in the text description of steps and each tool name, to
return the tool with the highest similarity as the required tool of
the step. In addition to the sequential model trained on human-
annotated data, they also evaluated the models trained on
automatically annotated tools but tested on human annotations.
They were then able to access the impact of hierarchy-aware
prediction in the presence of annotation errors.

Chudacek et al. [16] presented an annotation software that
was developed in order to obtain new expert annotations
of the recordings in their newly established database. Since
preliminary tests revealed that sole post-delivery pH mea-
surement does not provide a complete picture of the clinical
evaluation of ongoing delivery, they created a tool to allow
expert obstetricians to annotate the signal in the way suggested
by the guidelines. This new expert annotation tool may be
useful for improving our knowledge of inter-observer and
intra-observer differences when evaluating fetal heart rate data.

Sodmann et al. [17] proposed an approach that combines
supervised deep learning for the annotation of raw electro-
cardiograph (ECG) data with XGBoost [18] for classifying
annotated ECGs into various heart thythms. Their work’s main
achievement is in the CNN’s capacity to annotate P, T, and R
waves, which may then be further converted into features for
rhythm classification.

Xie et al. [8] used a probabilistic model to synthesize the
HR annotations from various annotators for ECG signals and
deduced the underlying actual annotations and the precision
of each annotator when the ground truth was not accessible.
They used the idea of selective ensemble [19] to search for
the best outcome in each experiment.

Further Di et al. [20] compared their model with commonly
mean, median method, and existing fusion model for HR labels
(Xie et al. [8]). They suggested an unsupervised Bayesian
framework to aggregate various HR annotations from the ECG
signal and infer the underlying accuracy and precision of
annotators, when the ground truth is unavailable.

III. WEB-BASED ANNOTATOR

The work described in this paper focuses on the develop-
ment of an automatic annotator for sequences of HR, to assess
whether the heart is beating faster, slower, or keeping a steady
rhythm. For that, a heuristic based on a statistic model is used,
namely, based on trying to fit linear regression parameters in
each sequence.

A. Raw data

The annotator receives, as input, raw HR data, retrieved with
smart bands or smartwatches, registering periodically the heart
rate and timestamp (Table I).

Timestamp

2022-03-05 15:05:06 +0000 72
2022-03-05 15:05:11 +0000 69
2022-03-05 15:05:16 +0000 68
2022-03-05 15:05:20 +0000 68
2022-03-05 15:05:26 +0000 68
2022-03-05 15:05:27 +0000 68
2022-03-05 15:05:34 +0000 69
2022-03-05 15:05:40 +0000 70
2022-03-05 15:05:42 +0000 70
2022-03-05 15:05:48 +0000 65
2022-03-05 15:05:56 +0000 64
2022-03-05 15:06:00 +0000 65
2022-03-05 15:06:04 +0000 65
2022-03-05 15:06:07 +0000 66
2022-03-05 15:06:13 +0000 70

TABLE I: Sample of raw heart rate data

The timestamp contains information about the date and
instant of each sample. The sample represents the instant
beats-per-minute (BPM) of the subject’s heart. This data is sent
to the annotator so that sequences can be made and tendency
annotation added to each of the sequences.

B. Web-based Interface

The HR Annotator was built as a Web application, com-
posed of two main parts (Figure 1).

The backend is developed in Java, with the SpringBoot
libraries and SMILE (Statistical Machine Intelligence and
Learning Engine) library (https://haifengl.github.io), acceler-
ated with the OpenBLAS library for the Linear Algebra
calculations. A RAM (volatile) database based on the H2
database engine (http://www.h2database.com/) is also used to
assist in the construction and visualization of the intermediate
graphs and annotations (see below).

The frontend was developed with Angular and Angular
Material components, running on a web browser. The user
interface allows the user to upload raw data files, in CSV
format, and download annotated data, also in CSV format.

Authorized licensed use limited to: b-on: Instituto Politecnico de Braganca. Downloaded on December 19,2023 at 11:51:22 UTC from IEEE Xplore. Restrictions apply.



ul

Angular

Javascript engine

Annotated
dataset
csv :

H2
database

SpringBoot

Linear regression

BLAS Library

JVM | Operating

Browser System .
Frontend Backend :
Fig. 1: General architecture
The user connects to a web server to access the initial screen wstas —

of the annotator (Figure 2). In this, the user can select an
existing file from the annotator’s database or upload a new
one.

BFiles

Choose File [3) 100%Uploaded the file successfully: Heart_data_1513.csv

Name Size Actions

Heart_data_1505.csv 10715 ]

Heart_data_1513.csv 26843

Fig. 2: File upload tool

Then, the user can proceed to the next screen where
three tools are available (“stats”, “preview” and ‘“annotate”).
Selecting the “stats” tab, some basic metrics such as the mean,
minimum, and maximum HR values in a given CSV file are
displayed (Figure 3).

/
M stats

1644910-/c9f-4a18-bfd3-2c8d477f4e26 369 69.33604336043359 89 58

16071800-1f57-44{2-b45¢-2466¢fc06484 921 89.78393051031489

Fig. 3: File statistics

By clicking in the “preview” tab the user is then able to
select a dataset from the annotator’s database and choose
the interval of seconds for preview (Figure 4). For proof of
concept, a dataset was recorded for approximately 60 minutes,
by two subjects, while performing daily activities (driving,
walking, chatting, etc.).

The displayed graphics feature three distinct colors: red,
blue, and black, for the corresponding suggested classes (-1
- decreasing, 1 - increasing, 0 - maintaining). These classes
represent three possible labels of the dataset, which determines
whether the successive HR values are decreasing, increasing,
or maintaining some stability.

Finally, in the “annotator” tab the user can choose the win-
dow time interval that he/she wants to annotate and proceed
to download the annotated sequences (Figure 5).

60 Heart_data_1505.csv ~ Update

Fig. 4: Preview of suggested annotation in 60s sequences

M stats @) Preview =, Amnotator

econ Select
30 Heart_data_1505.csv

Fig. 5: Downloading annotated file

C. Annotated data

The data is annotated based on a simple heuristic. For this,
a linear regression model is calculated for each sequence of
points (Ordinary Least Squares - OLS [21]). A threshold of
20 in the inclination parameter of the linear regression defines
the class within three possibilities:

« if the inclination is below the threshold, it can be assumed
that the user’s HR tends to decrease during that time

« if the inclination is higher than the threshold, it can be
assumed that the user’s HR increased during that time

« if the threshold is not exceeded, it can be assumed that
the HR was consistent and that no abrupt changes were
made.

Table II and III, show the produced final file properly
annotated. As can be seen in both tables, the length of each
sequence is not required to be the same. Table II does not
include any sample with less than 4 samples and in Table III,
there are no sequences with less than 10 samples.
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[Label[vO[vl[v2[v3[v4[v5]

0 69.0 | 68.0 | 68.0 | 68.0 | 68.0 | 69.0
1 70.0 | 700 | 65.0 | 64.0 | 65.0 | 65.0
0 66.0 | 70.0 | 70.0 | 70.0 | 66.0 | 66.0
-1 650 | 650 | 650 | 650 | 67.0 | 68.0
1 70.0 | 70.0 | 66.0 | 650 | 650 | 68.0
1 68.0 | 70.0 | 69.0 | 67.0 | 65.0 | 66.0
1 63.0 | 63.0 | 620 | 620 | 61.0 | 62.0
-1 61.0 | 640 | 62.0 | 62.0 | 64.0

0 64.0 | 61.0 | 63.0 | 640 | 61.0 | 63.0
-1 63.0 | 650 | 650 | 640 | 650 | 67.0
1 70.0 | 73.0 | 71.0 | 71.0 | 65.0 | 65.0
-1 63.0 | 650 | 63.0 | 63.0 | 650 | 65.0
1 67.0 | 64.0 | 65.0 | 64.0 | 64.0

TABLE II: Annotated dataset in sequences of 30s

IV. EVALUATION

The manual annotation of potentially huge collections of
data is a boring and repetitive task, prone to error and misin-
terpretations. Automatic annotation relieves the user from this
burden, although it is not exempt of error. As this annotator
is based on a simple heuristic, it is important to assess the
quality of the annotation.

For this, a statistical method was used. Since the heuristic
is based on linear regression, the adjusted R? was chosen to
explain the degree to which input variables (predictor vari-
ables) and explain the variation of output variables (predicted
variables) [22]. The R? of a linear model describes the amount
of variation in the response that is explained by the least
squares line. This allows to evaluate the strength of the linear
relationship between two variables. The linear relationship is
stronger for values near one and weaker for values below one.
For example, if the R-squared is 0.9, it means that the input
variables explain 90% of the variation in the output variables.

The adjusted R? was calculated for 30s and 45s sequences
of HR data, in a total of 170 and 114 examples respectively,
annotated previously. In relation to the 30s window, it was
necessary to remove the examples with less than 3 samples,
resulting in a total of 155 examples.

Each sequence was annotated with one of three classes: -1
(decreasing), 0 (maintaining) and 1 (increasing). The R? was
calculated for each of the sequences (155 for the 30s and 114
for the 45s) and the density was represented in the figures 6
and 7.

14 1
12
10

0.8

Density

06

0.4

0.2

0.0

-0.5 0.0 05 10 15
goodness

-1.0

Fig. 6: Adjusted R? for 30s sequences

Density

-1.0 -0.5 0.0 05 10 15
goodness

Fig. 7: Adjusted R? for 45s sequences

The adjusted R? is represented separately for each of the
three classes. Class ‘0’ (maintaining) obtained lowest values,
peaking near 0.0 R2. This is explained by the fact that many of
these sequences provide high variance in the relation between
variables, which causes higher linear regression error (Figure
8). It is also worth noting that the curves for class ‘0’ are
nearly identical for both 30s and 45s sequences.

69.0 70.0 70.0

68.0 65.0

Fig. 8: Class ‘0’ examples

Classes ‘1’ (increasing) and ‘-1’ (decreasing) show good
indicators in the 30 seconds sequences annotation (Figure 6),
being able to achieve high goodness values, with class ‘-1’
being the most accurate, as class ‘1’ has a significant portion
of goodness values, near 0.

Also in Figure 7, the class ‘-1’ was able to produce higher
goodness values despite having a significant portion of low
goodness values. Class ‘1’ in this annotated sequences has the
most uniform curve, despite the fact that the majority of the
classified sequences did not exceed 0.5.

For comparison, the ‘-1” and ‘1’ classes are closer to a linear
representation, which explains better results than for class ‘0’
(Figure 9).

70.0 68.0

Fig. 9: Class ‘-1’ and ‘1’ examples

As expected, the quality of these annotations improved as
the sequences are bigger. More values improve the linear
regression indicators, although require more time to make a
decision (45s or more).

V. CONCLUSIONS

This paper proposes a web-based annotator to automatically
label sequences of HR values for training machine learning
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[ Label [ vO [ vl [ v2 [ v3 [ v4 [ v5 [ v6 [ v7 [ v8 [ v9 [ v10 [ vll ]
-1 69.0 | 68.0 | 68.0 68.0 | 68.0 | 69.0 | 70.0 | 70.0 | 650 | 64.0 | 65.0 | 65.0
-1 66.0 | 70.0 | 70.0 | 70.0 | 66.0 | 66.0 65.0 | 650 | 650 | 650 | 67.0 | 68.0
-1 70.0 | 70.0 | 66.0 65.0 | 65.0 | 68.0 68.0 | 70.0 | 69.0 | 67.0 | 65.0 | 66.0
0 63.0 | 63.0 | 62.0 62.0 | 61.0 | 62.0 61.0 | 640 | 620 | 62.0 | 64.0
1 64.0 | 61.0 | 63.0 64.0 | 61.0 | 63.0 63.0 | 650 | 650 | 640 | 650 | 67.0
-1 70.0 | 73.0 | 71.0 | 71.0 | 65.0 | 65.0 63.0 | 65.0 | 63.0 63.0 | 65.0 | 65.0
0 67.0 | 64.0 | 65.0 64.0 | 64.0 | 62.0 63.0 | 64.0 | 64.0 67.0 | 77.0
-1 89.0 88.0 85.0 85.0 85.0 86.0 85.0 | 81.0 80.0 81.0 | 80.0 81.0
-1 85.0 87.0 85.0 81.0 | 780 | 780 | 780 | 76.0 | 76.0 | 73.0 | 73.0 | 73.0
-1 740 | 740 | 740 | 740 | 73.0 | 72.0 | 71.0 | 71.0 | 71.0 | 72.0 | 74.0
1 78.0 | 78.0 | 73.0 71.0 | 71.0 | 75.0 | 76.0 | 79.0 81.0 80.0 | 79.0 | 79.0

TABLE III: Annotated dataset in sequences of 60s

classifiers. These are important for several applications, such
as serious games for rehabilitation or dynamic adaptation of
goals in games, just to mention a couple. The annotator is
composed of two main parts: the backend, developed in Java
and with OpenBLAS as a Linear Algebra engine; and the web-
based user interface, built in Angular. The annotator allows the
user to upload several sessions of HR measurements, usually
acquired with generic wearables, such as smart bands or
watches, and stored as CSV files. The application is easy to use
and allows the user to preview the annotation before producing
a file with labeled sequences. The resulting annotation can then
be adjusted by the user, in case of faulty or wrong labels.
This relieves the burden of building sequences of samples and
annotating each one of them manually.
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