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Abstract—With the popularity of wearable devices, smart
watches containing various sensors have been widely adopted for
many healthcare applications. Yet there is rarely any research
study on the possible uses of smart watches for learning analytics,
particularly for analyzing students’ learning activities through
the physiological and/or movement data collected on their smart
watches. This paper considers a pioneering and sophisticated
learning analytics platform using fine-tuned deep learning models
to predict students’ learning activities based on the real-time data,
including their heart rates, calories, three-axis accelerometer
and gyroscope data, captured on wearable devices and then
uploaded onto a cloud server for thorough analyses. To validate
on the actual activities conducted by each student, an intelligent
mobile application is developed to push instant notifications for
students to report their own activities whenever the change of
heart rates are deviated significantly from their normal values.
Based on students’ heart rates and calories, a long-short term
memory (LSTM) model is built to classify students’ learning
states as active or not with an impressive prediction accuracy of
95% whereas another hybrid model combining both the LSTM
and convolutional neural networks attains the highest prediction
accuracy of 74% to predict students’ specific learning activities as
based on their physiological and movement data. The prototype
implementation clearly demonstrates the feasibility of the pro-
posed framework for learning analytics. More importantly, this
work shed lights on various directions including the integration
of noise filters to preprocess the collected data for further
investigation.

Index Terms—deep learning, learning analytics, smart watches,
wearable devices

I. INTRODUCTION

Wearable devices are playing an increasingly important

role in our daily living. Examples include the Fitbit smart

watches [1] and Google smart-glasses [2]. The rich built-in

sensors provides a great potential for data analytics through

wearable devices. The data captured by the smart watches

mainly include two categories: physiological and movement

data. For physiological data such as heart rates, it can be

used as the indicator for estimating emotions [3] and detecting

diseases like coronary artery disease [4]. On the other hand, the

research on movement data such as three-axis accelerometer

and gyroscope data is mainly focused on motion detection

including fall detection [5] and activity recognition [6]. And

the fast-growing sensor technology makes wearable devices

very affordable for daily usage.

As learning is one of the most important activities in

the daily living, there are growing concerns over students’

learning effectiveness. Therefore, learning analytics has be-

come a hot research topic in recent years. Researchers have

tried different methods for effective data analytics of learning

activities. These methods can be categorized into two major

approaches: vision-based and sensor-based learning analytics.

Vision-based learning analytics analyzes the students’ learning

states through images and videos [7], [8]. However, there are

four limitations for vision-based learning analytics. First, the

infrastructures for recording videos must be installed and tuned

in classrooms before conducting any lesson. Second, all learn-

ing activities are limited in the classrooms. Third, important

features of students’ movements must be precisely captured

and recognized. For instance, when students are grouped

together or turn back, the camera may not be able to capture

their actual movements. Last, the high computational overhead

to process images make it difficult to perform any real-

time analysis. On the contrary, sensor-based learning analytics

mainly relies on the wearable devices for data collection, thus

not suffering from any of the above shortcomings. Besides,

the non-intrusive characteristic of the wearable devices can

minimize the disturbance caused to students, thus making them

suitable for learning analytics.

This paper considers an empirical study of applying wear-

able devices in learning analytics. To ensure the validation and

reliability of the experiment, the Fitbit Versa smart watches, as

one of the more affordable and popular wearable devices [9],

[10], were chosen in this study. In the experiment, 52 students

were asked to wear the Fitbit Versa smart watches during

their classes. And their heart rates are collected and ana-

lyzed in a real-time manner by a learning analytics platform

which will be detailed in Section III. Basically, whenever the

deviations of students’ heart rates are out of their normal

ranges, students would receive instant notifications from an

intelligent mobile application to report their current learning

activities so that the actual learning activities can be uploaded

onto the cloud storage for future verification. After collecting

the physiological and survey data from students, a recurrent

neural network of the long short-term memory (LSTM) model

is developed to predict the students’ learning states or ac-

tivities based on the collected data sets of students’ heart
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rates and calories. The LSTM model attains an impressive

accuracy of 95% in classifying students’ learning states as

active or inactive. Yet it obtains an accuracy of 68% only in

predicting students’ specific learning activities. Therefore, to

further improve the prediction accuracy on learning activities,

a hybrid deep learning model combining both physiological

and movement data is also considered in this paper. The

architectures of both the LSTM and hybrid models will be

explained in Section IV and V respectively. With the two pre-

trained models, the proposed learning analytics platform can

be possibly enhanced by utilizing the prediction results from

these two models, which is likely to be more objective and

useful than any arbitrarily defined rule. Furthermore, based on

the prediction results, some potential applications of using the

proposed learning analytics platform together with the pre-

trained deep learning models in learning activities analytics

will be discussed.

The rest of this paper is organized as follows. Some related

work will be discussed in Section II. In Section III, the overall

system design and required devices of the proposed real-time

learning analytics platform will be introduced. Section IV

describes the LSTM model which is used to predict students’

learning activities based on the collected physiological data.

In Section V, a hybrid deep learning model combining both

physiological and movement data will be presented. Lastly,

concluding remarks and future directions will be given in

Section VI.

II. RELATED WORK

A. Activity Recognition Based on Wearable Devices

Basically, many potential applications of wearable devices

are mostly focused on activity recognition and healthcare.

In 2015, Jiang and Yin [11] rearranged the data collected

from accelerometers and gyroscopes into an activity image

and applied deep convolutional neural networks for activity

recognition. Their proposed model provides a state-of-the-

art technique for activity recognition at that time. After that,

Ordonez and Roggen [12] proposed a more generic deep

learning framework for activity recognition. By combining the

convolutional neural network(CNN) and the recurrent units of

the LSTM model, the model proposed by Ordonez and Roggen

outperformed the non-recurrent networks structures by 4% as

shown in the obtained experimental results.

In 2018, Li et al. [13] systematically compared the per-

formances of different models in action recognition using

wearable devices. Their results revealed that the hybrid CNN-

LSTM model attained the best performance among the dif-

ferent types of deep learning models including the multi-

layer perceptron, CNN and others in two public datasets. Be-

sides deep learning models, some researchers also considered

to apply conventional machine learning methods in activity

recognition. In 2018, Acici et al. [14] published a dataset,

called HANDY, for activity recognition based on wearable

devices. Among the 4 different machine learning models, they

claimed the random forest model gave the best performance

for the underlying dataset. Yet their results showed that the

choice of features extracted from the raw sensor data would

significantly affect the accuracy of the prediction results.

Therefore, when trying to minimize the dependence on the

choices of the extracted features from the raw data, a hybrid

model combining the CNN and LSTM networks is built

and trained to predict students’ learning activities with both

physiological and movement data in this paper.

B. Learning Analytics Based on Wearable Devices

Besides recognizing activities, there were some experiments

related to applying wearable device in learning analytics. In

2017, Mitri et al. [15] proposed a machine learning approach,

called the learning pulse, for predicting the learning perfor-

mances of students. They tried to predict the level of learning

performance by collecting the sensor data from wearable de-

vices together with the digital path data from students’ laptops.

But their method only worked for individual learning, not the

traditional classroom-based learning. In addition, the sample

size of their experiment, consisted of only 9 PhD students, was

not big enough. Different from Mitri et al.’s experiment [15],

Zhang et al. [16] analyzed students’ attention in class through

wearable devices. But the wearable devices in Zhang et al.’s

experiment [16] are not commercially available products with

user-friendly and well-designed features. Thus, the devices

may probably cause some disturbance to the involved students.

To minimize the possible disturbance on students, Lu et

al. [17] proposed a framework for learning analytics in class-

room with commodity wearable devices. Students would re-

ceive warnings if they were classified as inactive by Lu et al.’s

framework [17]. However, both of the proposed frameworks by

Zhang et al. [16] and Lu et al. [17] were rule-based. Therefore,

the design of the rules would deeply affect the performance

of the underlying models. In addition, the labels of students’

learning states in the proposed framework by Lu et al. are

provided by teachers rather than students themselves. This

might lead to a very subjective and incorrect labelling due

to the different learning habits of individual students.

To solve the aforementioned problems, two end-to-end deep

learning and supervised models for learning analytics will be

considered in this paper. To avoid the subjectivity in designing

the rule-based model, both the sensor data and students’ actual

learning activities would be collected during the experiment to

train the involved deep learning models. All data are collected

through the proposed real-time learning analytics platform to

be introduced in Section III.

In addition, most of the studies in learning analytics based

on wearable devices utilize different types of data source,

such as physiological data [15], vision-based data [16] and

movement data [17]. Few of them tried to analyze the relation

between students’ learning states and their physiological data

such as their heart rates and calories. Therefore, to explore the

potential and limitations of analyzing students’ learning activi-

ties, students’ physiological data is firstly used to train the deep

learning networks like the LSTM model and then predict the

students’ learning states and activities. Afterward, in trying to

attain a higher accuracy of analyzing and predicting students’
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Fig. 1: The system design of the real-time learning analytics

platform using wearable devices

learning activities, both the physiological and movement data

are used to train a hybrid deep learning network integrating

both the CNN and LSTM models so as to predict the students’

learning activities.

III. REAL-TIME LEARNING ANALYTICS PLATFORM

The basic structure of the learning analytics platform is

illustrated in Figure 1. This platform mainly consists of three

key components: a back-end server, a cloud server and a pair

of smart watch and mobile phone for each involved student.

The data from each student will be collected by the smart

watch and sent to the cloud server through the mobile phone.

Then, the local server will download the data from the cloud

server for some preliminary analysis. If any abnormal pattern

is found by the local server after analyzing the data, the

related students will receive an immediate notification from

the intelligent mobile application installed on his/her mobile

phone and prompted to report the student’s latest activity in

the mobile application. Each component of Figure 1 will be

considered in detail in the following subsections.

A. Mobile Phone: Xiaomi Redmi 6

Due to its relatively high cost effectiveness, the Xiaomi

Redmi 6 mobile phone is chosen as the smart phone used

in this study, for which each unit costs around HKD 999 [20].

There are two main functionalities of the Redmi phone for

the real-time learning analytics platform to be explained as

follows.
1) Data Transfer Platform: in order to collect the raw data

from the Fitbit smart watches, the involved mobile phones

must be installed with the specific Fitbit mobile applications

and also connected to the concerned smart watches. The

raw data collected from the smart watches will be firstly

synchronized to the mobile phone and then transferred to the

cloud server.
2) The Intelligent Mobile Application Platform: to verify

students’ actual learning activities, an intelligent mobile ap-

plication is developed and installed on the mobile phone.

This intelligent mobile application is connected to the back-

end server which will be introduced later. Whenever there

are abnormal patterns of heart rates discovered by the back-

end server, this application will cause a vibration on the

mobile phone and display an e-survey form for students to

report their current learning activities. In the e-survey form,

there are five options for students to choose as their cur-

rent learning activities: “writing”, “talking and discussing”,

“listening to teacher”, “mind-wandering and sleeping”,

and “others”. Basically, “writing” means writing notes or

doing some in-class homework by students while “talking
and discussing” denotes the concerned student’s discussion or

talking to peers/teachers about the learning content in class.

“Listening to teacher” indicates that teachers are lecturing

and students are listening to him/her while “mind-wandering
and sleeping” means that students is mind-wandering or

sleeping just now. Lastly, “others” refers to any activity as

different from the above four categories.

B. The Fitbit Versa Smart Watch

As mentioned in Section II, the Fitbit Versa smart watch

can be used to capture the four types of time-series data as

below.

1) Heart Rates: the Fitbit Versa smart watch measures

each individual person’s heart rate based on the photoplethys-

mographic (PPG) signal [18]. And the raw time-series heart

rate data can be accessed through both the Web application

programming interface (API) and also the device API as

provided by the Fitbit [19] development team. Intrinsically,

it is a built-in functionality for each Fitbit Versa smart watch

to measure the heart rates of each individual. Therefore, the

wearers’ heart rate data with a 0.2Hz sample rate can be

easily collected by calling the Web API. For the device API,

a specific Fitbit mobile application needs to be installed under

the Fitbit OS to invoke the corresponding device API. Due

to the limitation of the memory capacity in each Fitbit Versa

smart watch, this Fitbit application should be able to receive

the raw data from the device API and then send it to a cloud

server for storage in a real-time manner.

2) Calories: basically, it is a default setting of each Fitbit

Versa smart watch to measure each individual’s calories con-

sumption. As different from the heart rate data, the calories

data can only be accessed through the Web API provided by

the Fitbit [19] development team with a frequency of one data

point per minute.

3) Accelerometer Data: each Fitbit Versa smart watch

provides the three-axis accelerometer data through its device

API [19]. However, the recording of the three-axis accelerom-

eter data is not a built-in functionality. Therefore, a specific

Fitbit application is needed to collect the raw accelerometer

data from the device API. Again, due to the limited memory

size in each Fitbit Versa smart watch, the raw data must be

sent to the cloud server for storage by the Fitbit application

in a real-time manner. Although the sample rate of the raw

data can be determined by each developer, however, during

the testing in this experiment, it is found that the connection

between the smart watch and mobile phone will be terminated

if the sample rate is too high. After several trials, 6Hz was
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chosen as the maximum sample rate without sacrificing the

stability of the proposed real-time learning analytics platform.

4) Gyroscope Data: the gyroscope data is very similar to

the accelerometer data in which they can only be accessed

through the device API. Besides, the configuration and mech-

anism for capturing the gyroscope data is also fairly close to

that of the accelerometer data as aforementioned.

C. Capturing the Physiological and Movement Data

Although all the above four types of data can be collected

from any Fitbit Versa smart watch, the difficulties in collecting

them are different. For the physiological data including heart

rates and calories, as it is a built-in functionality, the Fitbit

Versa smart watch will automatically record and store the

data. And even a wearer is not carrying a paired mobile phone

while wearing the Fitbit Versa smart watch, the data are still

available after being synchronized with a mobile phone later.

In other words, the physiological data will not be lost as long

as the Fitbit Versa smart watch is worn. Yet for movement

data including the gyroscope and accelerometer data, a specific

Fitbit application is needed to invoke the device API and send

the raw data to a cloud server in a real-time manner. Therefore,

the Fitbit Versa smart watch must be connected to the mobile

phone through the Bluetooth wireless technology all the time.

If the connection between the Fitbit Versa smart watch and

the involved mobile phone is interrupted, the movement data

will be lost and not retrievable. In addition, since the Fitbit

OS currently does not support any back-end application, the

specific Fitbit application must be run continuously as a

foreground process to collect the raw movement data. Thus,

this may prevent the user from using other Fitbit applications

such as the Music application. Furthermore, another important

concern about collecting the raw movement data is the power

consumption. In general, the Fitbit Versa smart watch can

work for several days without charging. However, when the

real-time movement data is needed, the process of collecting

and sending the raw movement data will significantly shorten

the battery life of the concerned Fitbit Versa smart watch.

According to the testing result conducted in this experiment,

the battery life of the Fitbit Versa smart watch can only last

for one day when the Fitbit application for extracting raw

movement data is kept running.

D. The Cloud Server

In the proposed learning analytics platform, the cloud server

works as a data transfer station between the local server and

the mobile phone. In other words, the data from the smart

watches will be firstly synchronized to the mobile phone.

Then, the mobile phone will send the raw data to the cloud

server. Lastly, the local server will download the data from the

cloud server for any further analysis. With the development of

a powerful cloud server, it is also feasible to move all the data

analytics processes to the cloud server.

E. The Local Back-end Server

In the proposed framework for the real-time learning ana-

lytics, the local back-end server will have two main functions

as below.

1) Data Analytics of Heart Rates: as an experimental study,

without a pre-trained deep learning model, the heart rate is

chosen as the primary indicator to detect any abnormal pattern

at the initial stage. The details of the concerned algorithm for

analyzing the heart rates can be explained as follows. With

each student wearing a smart watch, the standard deviation of

his/her heart rate will be calculated in a normal situation for

two hours with one-minute intervals at the initial stage. The

top 10% of the standard deviation is chosen as the upper bound

whereas the low 10% is chosen as the lower bound. After two

hours, the local server continuously collects the raw heart rate

data from the cloud server still at each one-minute interval.

And the standard deviation of this one-minute heart rate data

is computed and compared with both values of the upper and

lower bounds. When the obtained standard deviation is higher

than the value of the upper bound, or lower than that of the

lower bound, it is considered as an abnormal data pattern.

2) Pushing Notification: after analyzing the heart rate data,

if an abnormal pattern is found, the local back-end server will

send a notification to the mobile phone of the corresponding

student. And the student has to complete an e-survey form

displayed on his/her mobile phone. In addition, to minimize

the disturbance to any normal teaching activity, the interval

between two notifications is set to be at least 30 minutes.

F. The Prototype Implementation

Each student participating in this experiment was equipped

with a Fitbit Versa smart watch and a mobile phone. To

ensure that the raw accelerometer and gyroscope data would

be collected, all Fitbit Versa smart watches were installed

the required Fitbit application before the experiment. The

functionality of this application is to call the Fitbit device

API, and also continuously transfer the raw accelerometer and

gyroscope data to the mobile phone through the Bluetooth

technology. All students were asked to wear the smart watches

and also carry the mobile phone while attending any lesson

during the school time. Meanwhile, the proposed learning

analytics platform will keep collecting and analyzing the data

from students. As mentioned in Section III.A, if students’ heart

rates were out of their normal ranges, they would receive

notifications on their mobile phones to immediately report

their latest learning activities.

This experiment were conducted in two different classes

of students over a period of one week in Hong Kong. The

first group was a third-year high school class with 32 students

in total while the second one was a first-year high school

class with 20 students. After the experiment, there were

altogether 499 responses of learning activities collected from

students, in which 90 were “writing”, 101 were “talking
and discussing”, 138 were “listening to teacher”, 35 were

“mind-wandering and sleeping”, with the remaining 135
reported activities being classified as “others”.
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IV. LEARNING ANALYTICS OF STUDENTS’ ACTIVITIES

BASED ON PHYSIOLOGICAL DATA

A deep learning approach based on the long short-term

memory (LSTM) model is used to analyze and predict the

students’ learning states according to their heart rates and

calories in our proposed framework for learning analytics.

The working principle and architecture of the proposed deep

learning model will be clearly explained as follows.

To study the possible relationship among the physiological

data, the movement data and students’ learning activities,

physiological data is used to analyze and predict students’

activities using the LSTM model in this section. As mentioned

previously in Section III, the difficulties in capturing the raw

physiological data and movement data are different. One of

the most important advantages of using physiological data

rather than movement data is that it is more convenient and

energy-saving to collect physiological data with the Fitbit

smart watches. In addition, based on the proposed framework

by Lu et al. [17], only data of the latest 5 minutes are related

to each reported learning activity. Therefore, in this study, only

the data of the last 5 minutes is used as the input for predicting

students’ learning activities.

A. The Long Short-Term Memory Model

The long short-term memory (LSTM) is one of the most

commonly used recurrent neural network (RNN) models for

predicting the time-series data. There are four important com-

ponents of a LSTM model including: a cell, an input gate, an

output gate and a forget gate. The cell can work as an internal

information storage and three gates can control the information

inflow and outflow. With this special structure, the LSTM

model successfully handles the long-term temporal dependen-

cies in conventional RNN models. Therefore, to consider the

sequence information hidden in the time-series physiological

data, a two-layer LSTM model is proposed to predict students’

learning activities. Figure 2 describes the structure of the

proposed LSTM model. Before the last softmax layer, there

are two LSTM layers and one fully-connected layer. Also, to

avoid the problem of over-fitting, two dropout layers with the

dropout rates of 0.2 are added in the model.

B. Prediction Results on Different Learning Activities

In the study, 70% of data is used for training while the

rest 30% is used for testing. For simplicity, all students’

activities are labeled with options ranging from 0 to 4 in

which the option 0 represents writing, 1 represents talking and

discussing, 2 represents listening to teacher, 3 denotes mind-

wandering and sleeping and 4 denotes others. Table I shows

the best confusion matrix of the LSTM model after 750 epochs

with the attained prediction accuracy as 62.7%. Although this

accuracy is far away from a satisfactory level, most of the mis-

classified samples is located between option 0 - 2 and option 4
according to the confusion matrix. In other words, compared

with other options, the proposed LSTM model seems to have

a higher prediction accuracy on option 3 for mind-wandering

and sleeping with a recall rate of 90.9%. As motivated by

Fig. 2: The structure of the LSTM model

this interesting observation, a binary classification model is

built for detecting the students’ learning states as active or

inactive. Specifically, the active state represents that students

are paying attention to the class while the inactive state denotes

that the concerned student is not paying any attention to the

class. Therefore, with the aid of this classification model,

gentle reminders can be sent to students when they are in

inactive states so as to remind them paying attention to the

class again. In this paper, options 0-2, including “writing”,

”talking and discussing” and ”listening to teacher”, are

clustered as active state while option 3 ”mind-wandering
and sleeping” is considered as inactive state. The option 4
”others” is ignored to avoid ambiguity.

TABLE I: The Confusion Matrix of the LSTM Model

actual label
predicted label

0 1 2 3 4
0 19 1 5 0 1
1 2 7 13 2 7
2 3 1 32 3 6
3 0 0 1 10 0
4 5 0 5 1 26

C. Prediction Results on the Binary Learning States

Table II shows the best confusion matrix of the binary

classification model after 750 epochs with its corresponding

prediction accuracy as 95.6%. The precision and recall of the

proposed LSTM model in predicting inactive learning states

are 71.4% and 90.9% respectively. And its corresponding F1
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score is 0.8 which is a very impressive result for classifying

students’ learning states through their physiological data. In

addition, the recall rate of inactive states is likely to be

more important than the precision for most practical learning

analytics platforms since a higher recall rate implies that

the students can always receive notifications or reminders

whenever they are classified as being in inactive states. This

may help the concerned students to achieve a higher learning

efficiency after receiving the reminders. On the contrary, with a

relatively lower precision, students may possibly receive false

notifications even though they are in active learning states. In

this case, the students can simply ignore the reminders.

TABLE II: The Confusion Matrix of the Binary LSTM Model

actual label
predicted label
0 1

0 98 4
1 1 10

V. THE HYBRID MODEL FOR LEARNING ANALYTICS OF

STUDENTS’ ACTIVITIES

A hybrid deep learning model combining both the LSTM

and convolutional neural network (CNN) is proposed to try

to enhance the unsatisfactory accuracy in predicting students’

learning activities by solely using the LSTM model in the

earlier investigation. As different from the LSTM model con-

sidered in Section IV, this hybrid model can predict students’

specific learning activities according to their physiological

and movement data. The structure of this hybrid model and

its prediction results will be considered. Afterward, some

limitations of the hybrid model are also examined in the

subsequent discussion.

A. The LSTM Model for Learning Analytics of Students’
Activities

The movement data including the three-axis accelerometer

and gyroscope data is combined with the physiological data as

the input to the LSTM model described in Figure 2 to predict

the students’ learning activities. After executing the model

with 750 epochs, the best prediction accuracy for the testing

data set is 68.0%. When compared with the results described in

the last section, the extra movement data successfully improve

the prediction accuracy of the same LSTM model. However,

the best prediction accuracy of the LSTM model as 68.0%
is still not satisfactory. Therefore, inspired by the results

in [11]–[13], a hybrid model combining both the CNN and

LSTM structure will be considered in the next subsection to

further enhance the prediction accuracy for learning analytics

of students’ activities.

B. The Structure of the Hybrid Model

Figure 3 shows the structure of the hybrid deep learning

model. In this hybrid model, there are mainly two routes for

processing the input data. The first one is the LSTM model

Fig. 3: The structure of the hybrid model

for processing the physiological data, which is very close to

the model described in Section IV except with the last fully-

connected layer. The second route of the information flow

is designed for processing students’ movement data. In this

second route, the CNN model is applied to process the raw

accelerometer and gyroscope data before the LSTM layer that

can be considered as a noise filtering mechanism. Lastly, the

outputs of the two routes are combined together to the next

fully-connected layer for the final processing of the relevant

information.

C. Prediction Results on Different Learning Activities with the
Hybrid Model

Table III shows the best confusion matrix of the hybrid

model after 750 epochs with its corresponding accuracy as

74.0%. As observed in Table III, with the availability of

students’ movement data in the hybrid model, the prediction

accuracy is increased dramatically from 62.7% to 74.0%. This

phenomenon can be explained as students’ learning activities

are often related to their hand movements which can be easily

inferred from their movement data.

TABLE III: Confusion Matrix of Hybrid Model

actual label
predicted label

0 1 2 3 4
0 14 1 6 2 3
1 0 25 0 0 6
2 5 3 30 2 5
3 0 0 0 10 1
4 3 1 1 0 32

D. Limitations of the Hybrid Model

Although the hybrid model combining both the physio-

logical and movement data can attain a higher accuracy in

predicting students’ learning activities, there is an important

limitation of the hybrid model as it is relatively more difficult
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to collect the raw movement data. As aforementioned in

Section III, measuring and recording physiological data is a

built-in functionality for the Fitbit Versa smart watches yet

the physiological data can be easily accessed through the

provided Web API [19] as long as the Fitbit Versa smart

watches are worn. Moreover, even the connection between

mobile phone and Fitbit Versa is interrupted, the physiological

data can be stored in the local memory of the Fitbit Versa

smart watch and is retrievable after reconnecting the mobile

phone to the Fitbit Versa smart watch. On the contrary, raw

movement data can only be collected through the device

API. Therefore, a specific Fitbit application is required to

run continuously on the concerned smart watch. Once the

connection is interrupted or the Fitbit application is closed,

the movement data is not available. Furthermore, the battery

life of the Fitbit Versa smart watch may be shortened when

the specific Fitbit application is being continuously executed.

Therefore, the LSTM model or the hybrid model may have

its own strengths and weaknesses. Accordingly, the proposed

learning analytics platform may adopt different models based

on the different situations. To classify students’ learning states

as active or inactive, the LSTM model is recommended as it

may utilize only the physiological data to attain an impressive

prediction accuracy of 95%. On the contrary, in cases where

students’ specific learning activities are required, the hybrid

model combining both physiological data and movement data

should be considered. Yet in collecting the raw movement

data, the connection between the Fitbit Versa smart watch and

mobile phone must be secured that may restrict the students’

actual activities or movement.

VI. CONCLUDING REMARKS

Wearable devices such as smart watches are widely used

for monitoring individuals’ health conditions based on the

physiological data such as heart rates during exercises or other

daily activities. Yet there is seldom any prior research study to

investigate the possible combination of wearable devices and

deep learning approach in the field of learning analytics. In this

paper, a sophisticated learning analytics platform is developed

so as to carefully analyze and predict each individual student’s

learning states and activities as based on the physiological and

movement data of each individual during the school hours for

one week in two different classes of a high school in Hong

Kong. To facilitate the process of data collection, an intelligent

and mobile application is built to continuously upload the

concerned students’ physiological data including the heart

rates and calories together with the movement data such as the

3-axis accelerometer and gyroscope data onto a cloud server

for further analyses. Moreover, whenever the intelligent mobile

application detects some abnormal patterns in each individual’s

heart rates, instant notifications will be pushed to the individual

learner’s mobile phone for the student to identify the specific

classroom activities being conducted at the moment. These

time-stamped events will then be used to train the specific deep

learning approach, and also used for validation of its prediction

results after the training phase. Accordingly, two deep learning

models are developed and fine-tuned to predict the students’

learning states and activities as based on the collected students’

data. The first deep learning approach involves a LSTM model

that can successfully predict the students’ learning states as

active or not with an accuracy of 95% as solely based on their

physiological data whereas another hybrid model integrating

both the LSTM and convolutional networks can attain an

accuracy of 74% for predicting the students’ specific learning

activities as based on their physiological and movement data.

The obtained results clearly show the effectiveness of the

proposed framework combining both wearable devices and

deep learning approach for learning analytics.

More importantly, this work opens up numerous oppor-

tunities for future investigation. First, it is interesting to

examine other deep learning models in predicting the students’

learning activities for learning analytics. Second, the possible

uses of different noise filters for preprocessing the collected

students’ data to hopefully enhance the prediction accuracies

of the involved deep learning methods is worth exploring.

Last but not least, the learning analytics results provided by

the proposed framework can likely be integrated into other

existing e-learning or personalized learning platform such as

the learning path optimization platform [21] so as to provide

a more complete and comprehensive e-learning platform with

more objective evidence of specific learning activities for

monitoring the progress of each individual learner in his/her

personalized learning path/sequence.
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