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Abstract—The rapid development of wearable technologies has
dramatically promoted the potential usages of wearable devices
in educational data analytics. However, the large amount of input
data and the various types of educational output labels also
increase the difficulties in selecting the useful information and
discovering the implicit relations between different input data. To
address this issue, this paper proposed a new two-layer approach
for conducting educational data analytics automatically. In this
approach, there are three key components: input layer, output
layer and recognition model. For the input layer, we adopted
the newly proposed optimization algorithm: Adaptive Multi-
Population Optimization (AMPO) to select the most related input
features and suitable model structures. For the output layer,
we inserted domain-specific constraints during the searching
for all combinations of different output labels to discover a
meaningful output strategy with a relatively higher accuracy.
Based on the input elements and output strategy provided by
the input layer and the output layer, the recognition model will
produce the corresponding recognition accuracy. With these three
components, our proposed method can find out some connotative
information to provide guidance for conducting educational data
analytics and drawing meaningful conclusions.

Index Terms—educational data analytics, wearable device,
optimization algorithm

I. INTRODUCTION

Educational data analytics (EDA) is a research field which

aims at discovering fulfilling information from the data gen-

erated during the educational activities. In recent years, the

fast development and popularity of wearable devices empower

more daily and personal data to be collected in educational

data analytics. However, despite abundant data are provided

by wearable devices, some of them are noisy and less relative

to EDA. Simply using all the data as input will not only result

in a bad performance, but also increase the computational

cost [1]. Therefore, Many researches have been conducted

in searching for the most important input features from the

data of wearable devices [2], [3]. Apart from input selection,

designing a meaningful and feasible output strategy is also a

crucial part in EDA. Unlike other traditional recognition or

classification tasks, the output categories in EDA are often

hierarchical and relative with each other. In other words,

combining several categories appropriately into a new category

is still meaningful in EDA [4], [5]. Take students’ future grades

prediction as a example, it is very challenging to predict the

accurate grades of students. But it will be more feasible if

you combine grades from 90 to 100 into a new class ‘A’ and

from 80 to 89 to class ‘B’. This output strategy can not only

improve the recognition accuracy but also maintain a high

practical significance. Under this idea, this paper proposed a

new two-layer approach for educational data analytics. In this

method, there are two vital layers: input layer and output layer.

Given a dataset, the output layer will firstly generate a output

strategy. And then, based on this generated output strategy,

the input layer will select the most useful and relative input

features to improve the recognition accuracy. In this paper, we

adopted the newly invented optimization algorithm: Adaptive

Multi-population optimization (AMPO) [6] for an efficient

selection of the input features and model structure. To prove

the effectiveness of the proposed methods, we applied this

approach in an educational emotion recognition dataset which

was newly collected us during the online teaching period

of Covid-19. More details regarding to this dataset will be

introduced in Section III.

The rest of this paper is organized as follows. In Section II,

the proposed two-layer approach for EDA will be introduced.

Section III will describe the results of applying the proposed

method in the emotion recognition dataset. Lastly, concluding

remarks and future directions will be provided in Section V.

II. THE PROPOSED TWO-LAYER APPROACHES FOR

EDUCATIONAL DATA ANALYTICS

Figure 1 demonstrates the detailed structure of the proposed

two-layer approach. Basically, there are three key components

in this method: an input layer, an output layer and a recognition

model between them. The output layer will firstly generate a

output strategy to the recognition model and input layer will

keep providing the optimized input elements to the recognition

model according to the output strategy. Based on the input

elements and the output strategy, the recognition model will

produce a corresponding accuracy for the input layer to do

the optimization. After the optimization, the recognition model

will save the best result into the results matrix for providing

information and guidances to human in drawing conclusion.
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Fig. 1: Structure of the Proposed Two-Layer Approach

The detailed functionality of both the input layer and the

output layer will be provided in the following subsection.

A. Input Layer

As its name implied, the input layer controls all the input

elements in this method. The input elements here include

not only input features, but also the model structure, hyper-

parameters and anything else that you want to tune in this

method. However, the more elements you want to tune, the

more complicated it will become. Therefore, to select the input

elements efficiently, we adopted the novel optimization algo-

rithm: Adaptive Multi-population Optimization (AMPO) [6]

in the input layer. Generally speaking, AMPO is a multi-

population manner in which there are five types of sub-

population: optimum holder; global searcher; local searcher;

random walker and migrator. Each sub-population has its

unique searching strategy. In short, in the whole population,

there is only one optimum holder which represents the best

solution in current iteration. The individuals in global searcher
will perform global search in a large searching space while the

individuals in local searcher will search for the solution in rel-

atively smaller searching space. In addition, the random walker
individuals will conduct random searches and the migrator
individuals will adopt other traditional evolution algorithm for

searching independently. More information related to the new

AMPO algorithm are provided in [6].

B. Output Layer

Different from the input layer, the output layer is mainly

in charge of generating the output strategies. As a matter

of fact, an output strategy with appropriate combination of

different output labels can not only improve the recognition

accuracy but also maintain a huge practical significance [4],

[5]. However, it is unavoidable that some combinations are

meaningless in the real situation. Therefore, we manually

added some domain-specific constraints for the output layer

to generate output strategies. Take students’ grades prediction

as a example, if we have 5 students and their grades are 75,

82, 88, 92 and 95, respectively. It is reasonable if we cluster

grades 92 and 95 into a new category as class ‘A’ and the rest

of them as class ‘B’. Yet it does not make sense if we cluster

grades 75 and 95 into a new category. Thus, it is necessary to

insert some artificial constraints into the output layer such that

the generated output strategies will be meaningful. In addition,

removing some of the output labels is allowed in the output

strategies such that we can have a larger searching space in

the output layer.

TABLE I: Experimental Results of the Proposed Approach in

Recognizing Students’ Daily Emotions

output strategy input elements best accuracy
01 3 [0 0 0 0 0 0 1 1 0 0 1 0 0 1 1 1 1 1 0 0 0] 0.913

2 013 [0 0 1 0 1 1 1 0 0 0 0 1 1 1 0 1 1 1 1 1 0] 0.888
01 2 [0 0 0 0 0 1 1 1 0 1 1 1 0 0 0 1 0 0 0 0 0] 0.881
02 1 [1 0 1 0 1 1 0 0 1 0 0 0 0 0 0 1 1 1 1 1 0] 0.862

1 023 [1 1 1 0 0 0 1 0 0 1 0 0 1 0 0 1 0 0 1 1 0] 0.853
03 1 [0 1 0 1 1 1 0 0 0 0 0 1 1 1 1 1 1 1 0 0 0] 0.851
13 0 [1 0 0 1 0 1 1 1 1 1 1 1 1 1 1 1 0 1 1 1 0] 0.838

01 23 [0 1 1 0 1 1 1 0 1 0 0 0 1 1 0 0 0 0 0 1 0] 0.810
02 3 [1 1 1 0 1 1 1 1 0 1 1 0 0 0 0 0 0 0 1 0 0] 0.806

01 2 3 [1 1 1 0 1 1 1 1 0 1 1 1 1 1 1 0 0 0 0 1 0] 0.806
0 1 2 3 [1 1 1 0 1 1 0 1 1 1 0 1 1 0 1 1 0 0 1 1 0] 0.612

III. APPLY PROPOSED APPROACH IN RECOGNIZING

STUDENTS’ EMOTIONS WITH WEARABLE DEVICES

To prove the effectiveness of the proposed method, we ap-

plied the proposed method in recognizing students’ emotions

during the special online teaching period of Covid-19 based

on the daily data collected from the smart watches.

A. Dataset Description

During the special period of covid-19, although online

teaching can significantly protect us from the epidemic, the

communications between students and teachers are inevitable

reduced, which may result in students’ unhealthy mental states.

To avoid this situation and provide guidances to students if

necessary, we distributed Fitbit smart watches to students for

collecting their data and asked them to briefly record every

day in the format of diary from May to July of 2020. All

the collection procedure have been approved by the students

and their guardians. After the data collection, we collected 18
types of daily data from the Fitbit smart watches, including

1. Start Time of Sleep; 2. Minutes Asleep; 3. Minutes
Awake 4. Number of Awakenings; 5. Time in Bed; 6.
Minutes REM Sleep; 7. Minutes Light Sleep; 8. Minutes
Deep Sleep; 9. Calories Burned; 10. Steps; 11. Distance;
12. Floors; 13. Minutes Sedentary; 14. Minutes Lightly
Active; 15. Minutes Fairly Active; 16. Minutes Very Active;
17. Active Calories; 18. Weight. Thus we have 20 types

of input features after adding the 19. Student id and 20.
Month as extra inputs. After the data collection, totally 386
diaries were submitted by students. According to the contents

in their diaries, we separated students’ daily emotions into

four categories: normal, happy, sad and hybrid. Basically,

normal, which was labeled as ‘0’, represents that it was a

normal day and nothing specific was recorded in the diary.

Besides, happy, which was labeled as ‘1’, means that students

expressed their happinesses in the diaries while sad was

labeled as ‘2’ to represent that students felt sad in that day.

In addition, we used hybrid, which was labeled as ‘3’, to

represent that students wrote down both happy and sad things

in their diaries. Therefore, we have totally 20 input features

and 4 output labels in this dataset.
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B. Experimental Results

As mentioned in Section III, the input layer can not only

control the input features but also the model structure. There-

fore, in this experiment, we added the twenty-first input ele-

ment as the model structure, in which ‘1’ represents adopting

support vector machine (SVM) while ‘0’ represents using deep

learning model as the recognition model. The deep learning

model we used in this experiment is relatively simply, in which

there are two fully-connected layers with a ReLu layer and a

dropout layer between them. For the output layer, we inserted

the constraints that label ‘1’ and label ‘2’ can not be clustered

into the same group as they represent the opposite emotions.

During the experiment, 70% of data were used for training

while 30% were used for testing

Table I lists the results of some important output strategies.

In the “output strategies” column, if two numbers are pasted

with each other without a space between them, it means

that these two output labels are combined into one category.

If one specific label number is missing, it means that the

specific label is removed. For example, “2 013” represents

that labels ‘0’, ‘1’ and ‘3’ are combined into one category

for classification; “03 1” represents that label ‘0’ and ‘3’ are

combined into one category for classification and label ‘2’ is

removed. In the “input elements” column, ‘0’ represents that

the corresponding input feature is removed while ‘1’ represents

selected, except the last one represents the model structures.

During the recognition, only the selected input features will

be used in the recognition model.

According to Table I, we arrived an accuracy of only 61.2%
if we tried to recognize these 4 categories, which is not a

satisfactory result. However, we noticed that the category of

“2 013” reached a high accuracy of 88.8% with a 83.6%
recall rate in predicting the bad emotion which is actually

an impressive result. In other word, although it is difficult for

us directly recognize students’ specific emotions, we can still

accurately recognize whether the students are in bad emotions.

As a matter of fact, the intention for this dataset is to monitor

the students’ psychological states with wearable devices. With

the method proposed in this paper, we can easily draw the

conclusion that we can distinct the bad emotion with other

emotions in a high accuracy and provide guidance to the

students in bad emotions accordingly.

In addition, it is noteworthy that, for different output cate-

gories, the optimal input elements found by the input layer are

also different. And none of them used all the input features.

This phenomenon strongly demonstrates that different output

strategies require various input elements. Hence it is important

for us to adopt AMPO for an efficient feature selection.

IV. CONCLUDING REMARKS

As one of the fastest developed technologies, wearable

technologies have been adopted in many studies in the area of

educational data analytics. However, the increasing amount of

data provided by the wearable devices make it challenging for

researchers to remove the noisy and irrelevant input data for

educational data analytics. Besides, the wide range of labels in

different educational data analytics tasks further improve the

difficulty in achieving a high accuracy when doing recognition.

To address these two challenges, this paper creatively proposed

a two-layer approach for conducting educational data analytics

with wearable devices automatically. In this approach, there

are mainly three key components: input layer, output layer and

recognition model. Input layer plays the role of selecting the

input features and adjusting the recognition model structure

while output layer is account for generating a suitable output

strategy. In this paper, we adopted Adaptive Multi-population

Optimization (AMPO) algorithm in the input layer for select-

ing the input elements efficiently and inserted some manual

constraints in the output layer to ensure the output categories

to be practically meaningful. To prove the effectiveness of

the proposed method, we applied the proposed method in a

newly collected students’ emotions recognition dataset. The

experimental results showed that, although we still cannot

reach a high accuracy in the original recognition task, we

can discover some meaningful output strategies with a high

recognition accuracy through the proposed approach. Based

on these results, we can easily draw conclusions and provide

guidances to students as needed.
More importantly, this work opens up various possible

directions for future investigation. Firstly, it is also possible

to apply the optimization algorithms in the output layer, not

only in the input layer, to select the output strategies more

efficiently. Secondly, there are a great number of optimization

algorithms in this world, it is worthwhile to examine the

performances of using other optimization algorithms in this

approach. Last but not less, we can apply this new approach

in other complicated educational datasets to draw more prac-

tically meaningful conclusions for providing more guidances

to students.
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