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Abstract – Whether a discussion is executed effectively depends on the completion level of the question-and-answer 

segments (Q&A segments) generated during the discussion. Relevance of answers could be used as a clue for 

evaluating the Q&A segments’ completion degree. In this study, we argue that discussion participants’ heart rate 

(HR) and its variability (HRV), which have recently received increased attention for being a crucial indicator in 

cognitive task performance evaluation, can be used to predict participants’ answer-relevance in Q&A segments of 

discussions. To validate our argument, we propose an intelligent system that acquires and visualizes the HR data with 

the help of a non-invasive device, e.g. an Apple Watch, for measuring and recording the HR data of participants 

which is being updated in real-time. We also developed a web-based human-scoring method for evaluating answer-

relevance of Q&A segments and question-difficulty level. A total of 17 real lab-seminar-style discussion experiments 

were conducted, during which the Q&A segments and the HR of participants were recorded using our proposed 

system. We then experimented with three machine-learning classifiers, i.e. logistic regression, support vector machine, 

and random forest, to predict answer-relevance of Q&A segments using the extracted HR and HRV features. Area 

under the ROC Curve (AUC) was used to evaluate classifier accuracy using leave-one-student-out cross validation. 

We achieved an AUC = 0.76 for logistic regression classifier, an AUC = 0.77 for SVM classifier, and an AUC = 0.79 for 

random forest classifier. We examined possibilities of using participants’ HR data to predict their answer-statements’ 

relevance in Q&A segments of discussions, which provides evidence of the potential utility of the presented tools in 

scaling-up analysis of this type to a large number of subjects and in implementing these tools to evaluate and improve 

discussion outcomes in higher education environment. 

Keywords – Answer Relevance Prediction, Learning Analytics, Discussion Mining, Machine Learning, Heart Rate 

Variability. 

I. INTRODUCTION 

Seminar-style discussion, one of the most familiar types of intellectual and creative activities held regularly at 

university laboratories, is where research ideas are generated and exchanged. Usually, such a discussion consists 

of one presenter presenting his or her current research progress, with many questions being raised to challenge 

and point out problems around the presentation content by participants often involving peers and instructors, and 

answers by the presenter. We call question and answer pairs Q&A segments. Relevant answers in discussions 

help to inspire new research ideas and grasp the research direction as well as improve the discussion outcomes. 

To that end, it is necessary to scientifically evaluate and predict how relevant are students’ answers in Q&A 

segments during discussions. 

In this study, we generate an intelligent system that acquires and visualizes discussion participants’ heart rate 

(HR) data during lab-seminar-style discussion experiments and analyze how this data can be used to predict 

answer-relevance while students complete the Q&A sessions in discussion activities. 
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II. RELATED WORK AND MOTIVATION 

A substantial amount of prior work on improving discussion outcomes mainly focuses on evaluating and 

training students’ discussion abilities; these abilities were evaluated using audio and video cues such as “voice 

quality”, “speech speed”, “pause”, and “conciseness”. In other words, students’ ability to speak in an easy-to-

understand way was evaluated [1] [2]. With the introduction of 3D sensing devices such as Microsoft Kinect, 

tracking students’ movements during discussions and presentations as cues for discussion-skill evaluation has 

increased [3] [4]. Chen and Feng’s research [5] combined audio, video, and human-movement information as 

multimodal cues and generated an automatic assessment system that establishes a set of specific body-

movement standards, such as hand gestures and eye direction, to evaluate students’ discussion skills 

quantitatively with the aim of improving discussion outcomes.   

While studies have been carried out on evaluating students’ discussion skills based on acoustics and gesture 

information, little attention has been paid to the relevance of discussion statements, especially the relevance of 

answer statements in discussion activities. In an academic seminar-style discussion environment, presenters are 

expected to answer within a few seconds and as accurately as possible in front of the questioners, which requires 

high level of question comprehension, strong communication skills, and improved mental control, all 

representing high discussion ability. In addition, many appropriate answers given by presenters could generate 

more inspiring questions and discussion enthusiasm in participants.  

However, previous answer-relevance evaluation or prediction studies often used application scenarios 

involving social question-and-answer sites (Q&A sites) such as “Yahoo! Answers” and “Answer.com”, on which 

the answerers have enough time to think of and repeatedly modify their answers. In addition, there was no face-

to-face interaction between the questioners and answerers. Based on these specific conditions, these studies used 

natural-language-processing tasks. Belinkov et al. [6] computed text-based features based on yes-like words in 

the answer statements. Patil and Lee [7] analyzed certain linguistic features to identify expert answers. 

Effectively evaluating students’ answer-relevance in discussion activities is challenging; therefore, our goal is to 

find a more accurate method to evaluate answer-relevance in Q&A segments generated by the on-the-spot 

discussion scenarios. 

Taking into account that the discussion process is a classical type of cognitive activity which could elicit a 

subjective state response with some changes in certain physiological data, such as HR and its variability (HRV), 

several studies have proven that HR is an important index of the autonomic nervous system’s regulation of the 

cardiovascular system [8] [9] [10]. Therefore, there has been an increasing focus on observing the correlation 

between the HR data and cognitive activity performance. Hellhammer and Schubert [11] assessed HR changes 

before, during, and after Trier Social Stress Test (TSST) including a series of cognitive tasks. Muthukrishnan et 

al. used HRV to predict human-cognitive performance [12]. We decided to take advantage of this theoretical 

background to estimate the subjective state of discussion participants by measuring their HR and HRV data 

during discussions and attempted to evaluate their answer-relevance in Q&A segments using such data. 

There are several novel aspects in which this study differs from prior related work. (1) Instead of evaluating 

discussion participants’ acoustics and gesture manners, we are interested in challenging the more complex work 

on answer-statements’ relevance prediction. Regarding randomness, openness, and improvisation of the 

questions raised in discussion activities, as well as subjective influences of the answer-relevance on the 
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evaluation, we set up a web-based human scoring system to collect timely evaluations of answer-relevance from 

all discussion participants, including the questioners themselves, which ensures scientific reliability of the 

research results. (2) Different from other existing studies which analyzed semantic information of Q&A 

segment’s statements to evaluate answer-statements’ relevance, we put our research emphasis on the interactive 

face-to-face conversation-style Q&A segments in discussions and suggest to use presenter’s physiology data to 

predict the relevance of the answer-statements. (3) The subjects in this study are university students who are 

holding regular lab-seminar-style discussion activities, in which one student gives a presentation around his or 

her recent research progress and other participants raise questions around the current presentation content. 

Unlike in our research, other studies typically consider a specific cognitive task such as TSST [11]. We hope to 

explore how physiology data, i.e. HR, could be used to predict answer-relevance of Q&A segments in a non-

baseline cognitive task.   

III. DISCUSSION EXPERIMENTAL DESIGN AND DATA ACQUISITION 

Discussion Experimental Scenario and Participants 

We conducted discussion experiments based on a real lab-seminar-style discussion environment in which a 

presenter explains a research topic while displaying slides, and Q&A session between the presenter and the 

meeting participants is conducted during the presentation. A semi-automatic discussion system called discussion 

mining (DM) system [13] was developed and used in our laboratory to record the content of face-to-face 

discussion experiments while providing metadata. As shown in Figure 1, the DM system using multiple cameras 

and microphones is installed in a discussion room to record the discussion experimental scenario and the 

detailed content of Q&A statements which are segmented based on the start and end time of each speech. In the 

centre of the discussion room, there is also a main screen that displays presentation materials and demonstration 

videos, and on both sides, there are sub-screens for displaying the information and images of the currently 

speaking participants. A secretary manually records the contents of the Q&A conversation, and each speaker 

tags his/her speech. Therefore, the Q&A segment data used in this study reproduces real Q&A conversations 

happened in face-to-face discussion activities. Each discussion experiment was held once a week for 1.5-2 hours, 

during which we asked one student to be a presenter and give a presentation on their recent research progress 

and the others to raise questions as questioners. The 15 participants included four undergraduates, eight graduate 

students, and three professors; two participants were female students and the rest were male. 

 
Fig. 1. Discussion experimental scenario recorded by DM system. 
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Data-Acquisition System 

We aim to collect and use presenters’ heart rate data during discussion experiments to predict answer-

relevance in the Q&A segments. In contrast to medical HR measurement devices, such as chest-worn 

electrocardiogram (ECG) sensors, we used non-invasive wireless smart trackers, such as Apple Watch, Fitbit 

series, Microsoft Bands, Jawbone Up, and Samsung Galaxy Gear, which could reduce the cost and difficulty of 

monitoring the HR data in real-world applications, as well as minimize the awareness of the monitoring process 

during experiments. These devices use light-emitting diodes to measure the frequency at which the blood pumps. 

El-Amrawy and Nounou [14] compared the accuracy of monitoring the HR data between smart trackers, such as 

Apple Watch and Samsung Gear, and a professional HR monitoring device and found that Apple Watch showed 

the highest accuracy and precision. Given the high accuracy of Apple Watch in HR data measuring and its wide 

range of uses, we adopted Apple Watch Series 2 to collect presenters’ HR data and visualize their HR 

information after discussions. 

To collect presenters’ HR data in our discussion experiments, we used a real-time HR data acquisition and 

visualization system developed in our previous research work [15]. In each experiment, one presenter was asked 

to wear Apple Watch Series 2 on their left hand before each discussion, as shown in Figure 2. He or she could 

choose their own ID, press the “start” button to start their HR data acquisition, and press “stop” at the end of the 

discussion. Based on the Health Kit framework, the HR data of the presenter was measured almost in real-time 

in 5-7 sec intervals, and the collected HR data and presenter’s information were displayed on the Apple Watch 

screen, as well as on the HR browser. 

 
Fig. 2: Presenter’s HR data acquisition. 

The HR browser that we developed provides an intuitive method for discussion presenters to check and 

observe their HR information during the discussion experiments. All HR data collected from our HR data 

acquisition system were presented synchronously in the heart-rate browser with a time line of the corresponding 

discussion and managed by the discussion participants. As shown in Figure 3, there are three components in the 

HR browser, i.e. a search menu, an HR graph, and the HR records. 

 
Fig. 3: Discussion presenters’ HR browser. 
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(1) Search menu: Historical HR data and user information can be searched through this menu at the top of the 

browser. 

(2) HR graph: The graph provides an intuitive way to observe changes in presenter’s HR data throughout the 

discussion. 

(3) HR records: The HR data at each point of the discussion with the presenter’s information can be checked 

here. 

For the purpose of collecting the relevance-evaluation scores of Q&A segments from discussion participants 

as the “ground truth” labels, we developed a webpage-based human-scoring method with our DM system, which 

was launched on tablets hold by participants during experiments. Each time the DM system recognized that the 

presenter has answered a question, the tablets would automatically switch to the Q&A-segment evaluation page, 

as shown in Figure 4. All discussion participants including those asking a question were required to give timely 

evaluation scores of not only the answer-relevance but also of the question difficulty. 

 
Fig. 4. Webpage-based human-scoring method. 

There are two main areas in this web evaluation page. (A) Presenter’s information area: The current 

presenter’s name is shown on the top-left and the obtained accumulated evaluation scores are shown on the top-

right of the page. (B) Q&A-segment evaluation area: In this area, all participants need to give two evaluation 

scores after each Q&A segment. One score is given for answer-relevance on a five-point scale from very poor to 

very good by tapping different “smile” buttons at the bottom of the page. Participants also had to evaluate the 

difficulty of the question in the same Q&A segment by tapping “+1” (difficult) or “+2” (very difficult) on top of 

each smile button. Otherwise, the default evaluation value was “Simple”. After all evaluation actions were 

completed, participants had to tap the “send” button, so that the evaluation scores could be sent to the database 

and shown in the “Accumulated evaluation scores area” on the top-right of the tablet page. There is also an item 

“Do not evaluate” if a discussion statements was not a question but a comment. 

IV. ANSWER-RELEVANCE PREDICTION METHODOLOGY 

We conducted a total of 17 real lab-seminar-style discussion experiments, in which one student gave a 

presentation and answered questions from other participants according to the talk content. Among 15 experiment 

participants (only students would give presentations), four second-year graduate students and one first-year 
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graduate student gave presentations twice; the remaining students gave presentations once. Finally, 247 Q&A 

segments with a mean length of 5 minutes per Q&A segment were generated and recorded; 14 to 15 Q&A 

segments with a presenter and participants were conducted during each discussion experiment. The Q&A 

segments’ answer-relevance and difficulty level of questions were evaluated using our webpage-based human-

scoring method by all participants after each question was answered. We acquired the entire HR data of 

presenters in each discussion experiment. 

Qualitative Analysis 

A total of 247 Q&A segments were generated from 17 discussion experiments. Our starting point was to 

categorize the answers in Q&A segments into relevant or irrelevant depending on how correctly the presenter 

answered the questions. Therefore, after each question was answered, all discussion participants were asked to 

score the relevance of the answer on a five-point scale: 1 = very poor, 2 = poor, 3 = acceptable, 4 = good, 5 = 

very good. The answers were considered relevant if the scores were 4–5 and irrelevant if the scores were 1–3. 

As a result, 112 Q&A segments were evaluated as relevant and 135 Q&A segments were evaluated as irrelevant. 

We then tried to investigate whether there is a difference in evaluation scores between the participant who asked 

a question and other discussion participants. We used Kappa coefficient to measure the inter-rater agreement 

between different items. If the value of Kappa varies from 0.41 to 0.6, the agreement level is considered 

moderate, and if it is within the range of 0.6–0.8, the agreement between different subjective opinions is 

considered substantive. If Kappa is in the range of 0.81–0.99, two participants can be considered as having 

reached almost perfect agreement [16]. We obtained a Kappa of 0.67, which means the questioners of the Q&A 

segments had substantively the same evaluation opinions regarding answer-relevance with the other participants 

in the same discussion. These results indicate that in our future work, we can take into account only the 

evaluation opinions of questioners, and this will decrease the work load on other participants. 

To investigate if the difficulty of questions affects the relevance of the answers, we also recorded the 

difficulty level of questions evaluated by participants other than questioners, because we believe that the 

perspective of a third party is more objective and can be referenced. Among all Q&A data, only seven questions 

in Q&A segments were evaluated as “Difficult”. No questions were evaluated as “Very difficult”. Therefore, we 

assume that not many difficult or very difficult questions would come up in a lab discussion at a university. This 

makes us believe that there is no need to consider question difficulty level in Q&A segments at this stage. In our 

study, we did not classify the difficulty of the Q&A segments’ questions in advance, as they would not affect the 

experimental results. 

Quantitative Analysis 

We aim to determine if the HR data of the presenters can be used to predict their Q&A segments’ answer-

relevance. For that purpose, the HR data of the presenters were analyzed based on their Q&A segments 

generated in the discussions. All HR information of the presenter during one discussion experiment, which 

lasted for almost 1.5 hours, is shown in Figure 5 (a). The horizontal axis represents the relative time-line of a 

discussion, and the vertical axis represents the change in the corresponding HR. The HR data were then 

extracted and segmented with each corresponding Q&A segment. Figure 5 (b) shows the presenter’s HR data in 

three periods: during question period (blue line), during answer period (orange line), and during both periods. 
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Fig. 5. HR data of presenter in discussion experiment. 

We computed 18 HR and HRV features, including mean, standard deviation (std.), and root mean square 

successive difference (RMSSD), from all Q&A segments, as well as from the separate question and answer 

periods. These features have been proven as important for understanding the HRV differences under cognitive 

activities [17]. The trends in the HR of these three periods were also computed by calculating the difference 

between two adjacent HR points. If the number of positive differences was more than the negative ones, we 

assumed that the HR period shows an upward trend; otherwise, the HR period shows a downward trend (Figure 

5 (b)). We used a quadratic curve (red line) to demonstrate the HR trend more clearly for the readers. We can see 

that the HR shows a downward trend during the question period and an upward trend during the answer period. 

We also divided the HR data of these three periods into the following nine ranges: less than 60, 60–70, 71–80, 

81–90, 91–100, 101–110, 111–120, 121–130, and more than 130 beats per minute (bpm). The mean and std. 

were calculated to describe the HR appearance-frequency distribution in each range. These metrics in the 

frequency domain during the question period, answer period, and Q&A segments were calculated separately. As 

a result, we obtained 18 HR and HR features including All_mean, All_std., All_rMSSD, All_trend 

Freq_all_mean, Freq_all_std., Que_mean, Que_std., Que_rMSSD, Que_trend, Freq_que_mean, Freq_que_std., 

Ans_mean, Ans_std., Ans _rMSSD, Ans _trend, Freq_ ans _mean, and Freq_ans_std. 

Predictive modeling of answer-relevance in Q&A segments   

To explore whether the HR data of presenters could be used to predict their Q&A segments’ answer-relevance 

during discussions, we experimented with different types of machine-learning predictive classifiers, including 

logistic regression, support vector machine, and random forest. We performed leave-one-student-out cross 

validation and reported the mean area-under-curve (AUC) scores with 95% confidence intervals for each 

predictive classification model. In addition, a feature selection technique was applied to all HR and HRV 

features (only on training data, not testing data) in order to reduce the dimensionality of the feature space. 

It is possible to use all 18 HR and HRV features for these three predictive classifiers; however, this may 

decrease the performance of the classifiers, particularly because of dimensionality. Therefore, we attempted to 

find a subset of HR and HRV features that could be used to discriminate the relevant and irrelevant answer 
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classes with the highest classification accuracy, which indicates the highest F-measure. Therefore, on our 

training data set, we used recursive feature elimination [18] with cross validation (RFECV), which ranks the 

features according to their importance to the different classifiers, and determine the best size of the feature 

subset. By calculating the F-measure (F1 score), which is the harmonic mean of precision and recall, we 

extracted the feature subset that could achieve the best evaluation performance for the corresponding classifiers. 

Results and Discussion 

Figure 6 shows three sub-graphs that illustrate separately the best subsets of all HR and HRV features for each 

classifier at the top and the feature-importance-ranking results at the bottom. The highest F-measure was 

obtained when eight or seven key features were included in the subsets for the LR classifier; therefore, the first 

seven or eight features surrounded by the red rectangle were considered as a feature subset for the LR model. 

Similarly, the first ten features comprised the candidate subset for the SVM classifier, and there were two 

candidate feature subsets for the RF-based model, which involved seven or eight features in the ranking list 

counted from the top. 

 
Fig. 6. HR and HRV feature selection for each classifier. 

We then generated three classifiers using the selected seven HR and HRV features involving all_mean, 

answer_trend, all_RMSSD, freq_answer_std., answer_std., question_trend, and all_trend, which exhibited the 

largest effect on all three classifiers. We reported mean AUC scores to evaluate our classifiers’ overall prediction 

ability. In addition to mean AUC scores, we reported mean recall scores on the irrelevant answer prediction task, 

which refers to the percentage of total irrelevant answers correctly classified by classifiers, as shown in Table 1. 

Table 1.  AUC scores of classifiers and mean recall scores of irrelevant answer recognition task 

Model Mean AUC Mean recall scores on irrelevante 

answer recognition task 

LR 0.76 0.69 

SVM 0.77 0.65 

RF 0.79 0.78 

As the results reported in Table 1 show, for the Q&A segments’ answer-relevance prediction task, we got 

good mean AUC scores for all classifiers, especially for the RF classification model. This suggests that 

presenters’ heart rate data could be used to effectively predict their answer-relevance in lab-style discussion 
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experiments. In addition, we reported mean recall scores based on irrelevant answer recognition task, for the 

same student’s Q&A segments; the RF classifier could recognize irrelevant answers better than the other two 

classifiers. Furthermore, the LR classifier presents a stronger identification ability than the SVM classifier in the 

irrelevant answer recognition task, even though it shows a slightly lower overall classification performance.  

Our ultimate goal is to improve discussion outcomes in higher education environment. We hope that 

university students will be able to give more relevant answers in the Q&A sessions during discussion activities. 

With our proposed methodology, we can help students to effectively recognize their irrelevant answers in lab 

discussions. Furthermore, we would like to understand the reasons why they cannot give correct answers in 

discussions: is it because the questions are too difficult, or is it because the students have not prepared well for 

the discussion, or something else? 

We discussed in the previous subsection whether we should classify the difficulty level of questions in 

advance. Although the results show that there is no need to consider the difficulty level, it is possible that we did 

not collect enough data to support our analysis in evaluating the answering performance of presenters at 

different difficulty levels in the Q&A segments. Therefore, we will continue to use our webpage-based human-

scoring method to collect the Q&A segment data of different difficulty levels for future research and will carry 

out further analysis. In our leave-one-student-out cross-validation evaluation process, we also looked at the 

classification results of each student. Master students who have more experience in discussion presentations 

showed more false negative recognition samples. This means that the answers evaluated by discussion 

participants as relevant were recognized by the classifiers as irrelevant because of the presenters’ low-

confidence mental state when giving answers. We analysed the statement content of these Q&A segments and 

conducted interviews with the master students who answered these Q&A. We found that in their answers, there 

were often words expressing uncertainty, such as approximate, rough, maybe, and perhaps. The following 

example demonstrates our findings. A presenter was evaluating the performance of a tennis player’s serving 

style. A participant raised a question: “How did you determine the threshold of serving time?”, to which the 

presenter-student answered: “I roughly estimated the value based on the approximate time of the batting”. This 

example shows that from the perspective of the questioner, the presenter correctly answered the question using 

the available language skills, but from the answer content, the presenter clearly lacked self-confidence because 

his answer revealed an apparent inadequacy in his research. This issue should be addressed in our future work. 

V. CONCLUSION AND FUTURE WORK 

In this study, we argued that students’ physiological data, such as HR, can be used to effectively predict their 

answer-relevance in Q&A segments during discussions. To provide sufficient experimental evidence in support 

of our argument, we conducted 17 real lab-seminar-style discussion experiments, in which one lab student gave 

a presentation and other participants asked one or two questions about the content of the presentation. We 

recorded 247 Q&A segments from discussion experiments in details. A real-time HR data acquisition and 

visualization system was developed to collect presenters’ HR data with the help of a non-invasive device, i.e. 

Apple Watch, during the discussion experiments. A real-time webpage-based human-scoring method was 

designed to collect the relevance evaluation scores of Q&A segments from discussion participants as the 

“ground truth” labels. 

Three binary classification machine-learning methods, logistic regression, support vector machine, and rando- 
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-m forest, were adopted to construct predictive classifiers for the Q&A segments’ answer-relevance prediction 

task. We also selected seven HR and HRV features that had significant meaning to all classifiers. Regarding our 

models’ overall classification performance, a mean AUC of 0.76 for the LR-based model, 0.77 for the SVM-

based model, and 0.79 for the RF-based model were obtained. We also observed mean recall scores of each 

classifier related to the irrelevant answer identification task. The results confirmed our hypothesis that the HR 

data of the presenters could be used to effectively predict their answer-relevance in discussion activities. 

Furthermore, our findings collectively provide initial evidence for the possibilities of using students’ 

physiological data to evaluate their discussion activity performance for the purpose of improving the discussion 

outcomes. 

In our future work, we will focus on the application of the argument brought forward in this paper to improve 

students’ discussion outcomes. We plan to develop a follow-up function, in which feedback regarding irrelevant 

Q&A segments is given to presenters after discussions to encourage them to spend more time on comprehending 

the questions, to sort out their research in order to find more relevant answers, to strengthen their 

communication skills to be able to give participants a more understandable description, and in the long run, to 

effectively improve students’ discussion outcomes. 
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