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Abstract: One of the most important goals of electronic assessments is to 

achieve the smallest measurement error with tests that are as simple and short as 

possible. The psychological state of an examinee is typically ignored, both in the 

process of designing the tests and during the exam itself. Using the developed 

framework, we tested 35 participants in an experiment to obtain as much data as 

possible about the emotional states of the students depending on the different 

types of question posed. In this paper, we present our current results from an 

examination of the potential of using EEG data towards applying artificial 

intelligence for improvement of electronic assessments, as well as a technical 

platform for this purpose. 
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1 Introduction 

Although researchers have often tried to find a way to use neuroscience to 

improve e-learning, there is still a great deal of space to make more progress in 

this area. One of the biggest challenges of e-learning is how to carry out 

electronic assessments with results that reflect real learner competences 

(knowledge and skills) [2]. 

The focus of modern electronic assessment systems has changed from 

technical and security aspects to the content of tests. For instance, today there 

are more than 20 (basic) types of questions that instructors and teachers use to 

carry out testing. However, the testers usually ignore the participants’ 

psychological state during assessment. Low importance is also placed on this 

aspect by teachers in the design phase of the questions and the test. This has 
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produced numerous complaints from the tested students that stressful conditions 

prevent them from achieving better results. 

These facts motivated us to develop an experiment to collect information 

on how psychological states change during assessment and how different types 

of test questions influence the factors that form this psychological state: interest, 

engagement, excitement, stress, relaxation and focus. These factors represent 

derived information that is formed by capturing brain activity via 

electroencephalography equipment during assessments. We carried out asses-

sments of almost thirty students in the computer science domain. During this 

experiment, we measured their emotional states at half-second intervals, 

recording the questions posed, the students’ answers and the time elapsed 

simultaneously, and placing these data together in common storage for later 

analysis. 

2 EEG device 

The EMOTIV EPOC+ is a wireless EEG device with 14 channels, and is 

designed to measure brain cortex activity [3]. The possibility of accessing raw 

EEG data makes this device suitable for use in the development of brain-

computer interface (BCI) applications. The data are sent using wireless 

Bluetooth technology. 

According to technical documentation [4], the 14 channels of the EMOTIV 

EPOC+ device are referred to as AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, 

FC6, F4, F8 and AF4 (Fig. 1). The names and positions of the electrodes are 

standardised using the International 10–20 System [5] convention to ensure the 

comparability and repeatability of the results. 

 

Fig. 1 – Names and positions of EMOTIV EPOC+ channels. 
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Based on the measured raw EEG values and rigorous experimental 

analysis, EMOTIV deploys three different types of algorithms for detecting 

facial expressions, emotional performances and mental commands [6]. Using 

widely available software tools, it is possible to determine six emotional and 

subconscious states: excitement, interest, stress, engagement, focus and 

relaxation. 

3 Related works 

The results of relevant works in which the EMOTIV EPOC+ device was 

used point to several important conclusions.  

This device is capable of isolating a P300 low voltage signal (2–5 μV), 

which is considered to be associated with a stimulus evaluation or 

categorisation [7, 8]. Its low power compared to an EEG means that the device 

can distinguish this signal from the background noise that occurs during the 

measurement. The overall conclusion is that this device can be used as a reliable 

BCI. 

In the study in [9], the authors investigated the emotional states of students, 

represented in the form of frustration and excitement that occurred as a result of 

feedback information gathered from intelligent tutoring systems (ITS). By 

analyzing the obtained data, the authors developed a system that enabled student 

emotions to be anticipated and the feedback information to be modified 

accordingly. 

Similarly, emotional reactions to different visual stimuli were examined in 

two independent works [10, 11]. The first of these studied the ability to 

recognise EEG patterns in a state of relaxation and while imagining two 

different types of pictures (faces and houses), and a precision of 48% was 

achieved. In the second, the authors developed a method of interpreting EEG 

values in order to discriminate between mental patterns when participants 

observed pleasant and unpleasant pictures compared to neutral content. 

The goal of the experiment described in [12] was the detection of the level 

of pleasure. The authors also tested a method for correcting the robot's 

behaviour in order to increase the pleasure level. Although the experiment was 

carried out on a small number of participants (four males), a correct 

classification was achieved in an average of 79.2% of cases. 

4 Experiment framework 

4.1 MyEmotivator application 

We developed the MyEmotivator application to measure and record the 

variability in emotional performances depending on various external factors, 

with the EMOTIV EPOC+ device (Fig. 2). Using algorithms to calculate the 
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values of six emotional states (interest, engagement, excitement, stress, 

relaxation and focus) based on gathered EEG data, this application is capable of 

displaying, processing and saving the measured information for use in real-time 

analysis by other services or humans. Within a wider platform, we implemented 

an option for synchronised pairing with other human-computer interaction 

(HCI) components to obtain a complete picture of the user–environment 

interaction. 

 

Fig. 2 – Sections of MyEmotivator app Main window. 

 

In order to allow it to be used in the widest possible experimental 

conditions, the MyEmotivator application was created for use on mobile 

devices. In this way, it can be used in external environments even in cases when 

the participants in the experiment are in motion. Data are sent from the EPOC+ 

device using wireless Bluetooth technology. For this reason, a basic requirement 

for the device running the application is a Bluetooth SMART capability with a 

theoretical communication range of about 100 meters. 

The recommended procedure for connection to the EMOTIV EPOC+ 

device involves turning on the device and searching for active devices in the 

Bluetooth domain (Fig. 2, Section 1). When the desired EPOC+ device name is 

selected by the user, the application begins the process of pairing (connecting) 

with the device. Under normal conditions, this process takes 1–2 seconds, 

although this may be increased when there is a large physical distance between 
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the EPOC+ and the mobile device or if the battery is low. After successful 

pairing, the application stops the scanning process and starts the quality testing 

phase of the channel contact. 

The application can uniquely determine the name of the channel that is 

sending the signal (in accordance with the International 10-20 standard) and can 

visually display its position on the head. There are three levels of signal 

strength: no signal, bad signal and good signal. Based on the detected level of 

signal quality, the connector positions are shown in a different colour in the 

corresponding picture on the main window: red, orange or green (Fig. 2, Section 

2). Data about the emotional performances are gathered simultaneously with the 

quality information. The default reading frequency is set to twice per second 

(500 ms). Each of the six values examined (interest, engagement, excitement, 

stress, relaxation focus) fall into the range 0–100, where 100 is the maximal 

emotional level for the user, and 0 represents a theoretical minimum (Fig. 2, 

Section 3). 

Due to its universality, the CSV format was chosen to organise the 

collected data. As the default option for data storage, the application saves data 

to the external memory of the mobile device (Fig. 2, Section 4). This is the most 

reliable method, with the lowest resource consumption and minimal probability 

of data loss. In addition to the six main emotional states, the application also 

saves the exact time of the measurement in the UNIX timestamp format for use 

in later analysis. The features of this recording option means that it is ideal in 

cases that do not require the simultaneous interpretation of measured data and 

real-time user interaction. 

4.2 Human-computer Interaction Monitoring and  

Analytics Platform (HCIMAP) 

One of the main challenges in using multiple sensors is time 

synchronization and fusion of gathered data [13]. With simple experiments, all 

sensors are connected to a single computer and share the same time source, so 

all data are collected simultaneously (synchronously). However, in case of more 

complex experiments which are conducted in a distributed environment, not 

only do those different sensors require more time sources, but they also use 

different network routes to central servers which have various delays. 

Some of the reasons for shifting data processing to remote server(s) are 

existence of more participants in experiments, but also the need for fast 

processing of collected data and returning results to the main application in the 

form of generated feedback. In that way, adaptive behavior can be achieved and, 

for processing, we can implement more advanced artificial intelligence 

algorithms that require significant processor (CPU) resources in order to 

function in real time. 
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For this purpose we have developed a platform for synchronization of 

gathered data from different sensors and applications, their fusion and 

processing in real time and returning of obtained results in suitable formats for 

further analysis by computer or interpretation by humans (Fig. 3). Currently, 

EEG, eye-tracker, facial emotion recognition and mouse tracking sensors are 

supported; but, thanks to the open platform interface, connection to other 

sensors can be easily implemented. Beside the sensors, using the same interface, 

a platform can receive information from user applications. The platform 

supports exporting of all data as a time series (in CVS format), but also as more 

complexed reports (e.g., recording of user interface with eye position 

visualization), as well as modular addition of new report types. Data exporting 

can be done afterward, in stated manner, or in real time through the developed 

API. The set of algorithms used for data processing is expandable, either by 

implementation on the platform or by connecting to other systems on the 

network. 

 

Fig. 3 – Basic HCI-MAP platform architecture. 

 

Besides data gathering, the HCI-MAP platform enables data overview (by 

using Control-Room interface), as well as sending feedback to applications in 

real time (through API). In this sense, the platform is modularly extendable, i.e., 

it is possible to embed new algorithms for processing collected sensor data. 

Thanks to that, and based on EEG sensor data, it is possible to deploy adaptive 

behavior of the experimentally developed LMS (Learning Management 

System). 
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Finally, except for the real-time mode, the platform allows subsequent 

exportation of data. Data export can be in the form of time series (CSV format), 

visualized in standard graphics, or in custom format by developing appropriate 

module (Fig. 4). For example, one of the modules for data exporting that we 

have developed allows exporting of eye position, mouse cursor, screenshot and 

EEG states as animation. 
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Fig. 4 – Chart with EEG signals, collected during one of the sessions. 
 

HCI-MAP essentially uses the TCP/IP network stack and with sensors, i.e., 

their intermediaries, communicates by HTTP(S) protocol. Communication with 

some sensors is direct; for example, software that monitors mouse cursor 

position is realized as an application that runs on the client computer. On the 

other hand, some sensors communicate with the platform indirectly. In case of 

MyEmotivator application, software that delivers data from the EEG sensor to 

the platform runs on an Android tablet, which communicates with EEG device 

itself using Bluetooth protocol (Fig. 5). 

 

Fig. 5 – Network organisation of HCI-MAP platform. 
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One of the main challenges in the multi-sensor data gathering process is 

sensor data time synchronization. Sensor states in HCI can change many times 

per second. Errors of a few hundred of milliseconds can make data results 

completely useless. 

We have decided to implement NTP (Network time protocol) [14] 

functionality in the HCI-MAP platform itself. It was realized by embedding the 

simple method (timeOffset) on the server side of the platform, which, like NTP 

server, sends the local time of receiving the request and sending the response. 

Formula for calculation the time offset: 

 
( ) ( )

2

sr cs ss crt t t t
T

  
 , 

where: 

 tcs is the time when the client sent the request; 

 tsr is the time when the server received the request; 

 tss is the time when the server sent the response and 

 tcr is the time when the client received the response 

 (local client and server clock times are used). 

The client side is done at the application level with software that controls 

the particular sensor (EEG, eye-tracker, etc.). Query to the server is repeated 10 

times in a row and results with the lowest round-trip time are taken: 

 ( ) ( )rt cr cs ss srT t t t t    . 

Synchronization is done at the beginning of the experiment – i.e., at sensor 

initialization – so there is a fresh synchronization with every new experiment. 

With this approach, we achieved the required synchronization precision (<5 ms 

error margin on local 100Mb/s network and up to 30 ms error margin on ADSL 

10Mb/s Internet connection), automated synchronization startup at the 

beginning of every measurement, as well as operating system and administrator 

privilege independence. 

4.3 E-testing platform - mTutor 

The e-testing platform used in this experiment is called mTutor, and was 

developed 12 years ago [15] (Fig. 6). It is a Web application that enables the 

electronic assessment of students’ knowledge using single and multiple choice 

questions. The platform consists of two basic applications: one for teachers, and 

one for students. The teacher’s application is used to create questions and 

answers, and to define the parameters of the test. 

In the student application, after the user has logged in and selected a test, 

the questions are displayed. The order in which the questions and their possible 

answers is displayed is random. After choosing one or more of the answers 
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offered, the student moves on to the next question. Throughout the test, the 

screen shows the number of questions remaining and the time remaining for the 

test. If the time runs out before all questions have been answered, the test ends. 

The evaluation strategy is such that there are no negative points for incorrectly 

answered questions; for partial answers, a certain percentage of the possible 

points is given, but in the case of multiple choice questions, the selection of one 

or more incorrect answers means that no points are given for that question. 

 

Fig. 6 – mTutor platform - Student interface. 
 

5 Description of experiment 

A total of 35 students voluntarily participated in the experiment. All 

participants were male high school students between 17 and 18 years old, and 

they all attended the same course entitled Basics of WEB Design.  

 

Fig. 7 – Students held EEG equipment during the experiment. 
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We used the content of this course as a basis for preparing the test 

questions. All participants possessed basic knowledge in computer usage and 

text editing. The experiment was conducted in a controlled environment in a 

high school computer laboratory (Fig. 7). 

The questions covered material that was familiar to students from previous 

lectures. Students were told that their work would be graded and that the 

gathered data were to be used for improving future classes. Participants took the 

test in turn, wearing an EMOTIV EPOC++ device on their head under the 

teacher’s supervision. Synchronisation problems arising in the experiment 

caused data collected from eight of the students to be discarded. Invalid data 

were excluded from further analysis. 

The question pool contained 50 single choice questions. A test was 

individually generated for each participant, consisting of randomly chosen 

questions from the pool, and the time limit was set to five minutes. Students 

were instructed to answer as many questions as possible in the time allowed. 

6 Results 

In order to obtain as much data as possible about the different emotional 

responses of the participants, depending on the difficulty and content, five 

groups of questions were used in the experiment. Three groups contained 

regular questions (with high, medium and low difficulty; HDQ, MDQ and LDQ, 

respectively). The other two groups contained specific questions: funny 

questions (FQ) that had correct answers, but where the other possible answers 

were funny, and impossible questions (ImQ) with no correct answers at all. 

Table 1 shows six charts representing the average distribution of emotional 

factors measured for different question types. It is interesting that the funny 

questions (FQ) elicited minimum levels of stress, excitement, interest and focus, 

while the so-called impossible questions (ImQ) showed minimum levels of 

engagement and relaxation and highest levels of excitement and focus. The 

LDQ, MDQ and HDQ questions, as regularly used in exams, showed similar 

trends, with the HDQ showing the highest values on four out of the six 

emotional factors. 

The second aspect of the statistical analysis was to find the correlations 

between the different parameters (correctness, time, interest, engagement, stress, 

relaxation and focus). This analysis was done for each of the questions, for the 

average parameter values for all participants in the test. Fig. 8 displays bivariate 

scatter plots (below the diagonal), histograms for each parameter, and Pearson 

correlations (above the diagonal). 

From these results, it can be concluded that there is no strong correlation 

between any individual parameter and the accuracy of the response, and that the 
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largest (negative) correlation is between the accuracy and the time taken. The 

greatest correlations occur between the following pairs: engagement–focus 

(+0.64), interest–relaxation (+0.62), stress–focus (+0.57), stress–relaxation 

(+0.51), and interest–stress (+0.48). 

Table 1 
Average emotional parameters distribution depending of question types. 

Interest Engagement 

Excitement 
Stress 

Focus Relaxation 
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Fig. 8 – Correlation between different question attributes - correctness, time, interest, 

engagement, stress, relaxation and focus. 

 

7 Conclusion 

In this paper, we presented our current results from an examination of the 

potential of using EEG data towards applying artificial intelligence for 

improvement of electronic assessments. This paper describes the developed 

platform (HCI-MAP) for synchronised data gathering from multiple sensors and 

applications (EEG signals and events in the electronic testing system), and 

exporting (in real time) in formats suitable for further automated and human 

processing.  

The psychological state of an examinee is typically ignored, both in the 

process of designing the tests and during the exam itself. Using the framework 

developed here, we tested 35 participants in an experiment to obtain as much 

data as possible about the emotional states of the students depending on the 

different types of question posed. The first analyses of the obtained 

(summarised) data are based on a search for a simple correlation between the 

various parameters recorded. The obtained results are not sufficient to 

demonstrate the effective use of the statistical method used here for the 

correction of students’ test results, but they point to the possibility of using 

certain question types in order to influence the psychological state of students 

during assessments. For example, by inserting “funny” questions with one 

obvious correct answer, this system can decrease the students’ stress. 

Furthermore, the most interesting questions are the easy ones, while the focus of 

the student can be increased by using “impossible” questions with no correct 
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answers. However, an algorithm for rating students must be adopted for use 

with these new question types. 
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