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Imagine your affective changes at work over one week



Early Bird                 vs.                Night Owl

Daytime

I can study all night I want to sleep

Night



Affect 
detection

Time-related 
variables

Previous 
Research

● Affect detection has emerged as an important
area of research in the field of online education
(e.g. Baker et al., 2011; Pardos et al., 2014) .

● Baker et al. (2011) developed the best sensor-
free affect detectors for the ASSISTments
platform - concentration, confusion, frustration,
and boredom.

● Time-related variables (time of day, day of week,
holidays, and season) were rarely incorporated in
affect (bored, concentrating, confused, and
frustrated) detection models for the ASSISTments
platform.

● Only two studies touched on the concept (Pardos
et al., 2014; Wang et al., 2015), and only one study
included one time-related variable in the model
(Wang et al. 2015).

Time Matters in Learners’ Affect detection
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Research Questions and Goals

Will incorporating time-related variables lead to noticeably better 
detection of affect?

If so, how are these variables related to affect (specifically, boredom, 
frustration, concentrated, and confusion) what are the implications for 
educators and students?

Ultimately, we want to have some actionable insights for adaptive 
learning platforms and instructors to better scaffold online learning.
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Source of Data

ASSISTmentsData of 2012-2013 School Data with Affect, available on 
ASSISTmentsData (https://sites.google.com/site/assistmentsdata/) 
published by Wang et. al in 2014.

The action log files data (to be obtained) that record the start and end 
time of student actions within ASSISTments. The log files recorded 
various student actions, such as hint use, time spent, and submission 
information. The action log files were processed using the features 
engineered and detectors developed by Wang in 2015.



Source of Data - ASSISTments



Source of Data - ASSISTments



Items of Interest 

Most of our features will be engineered from 

timestamp variables in the dataset, that is, 
start_time, and end_time that records the 

year, months, and day, and exact time of 

each action.
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We obtain the log file from ASSISTments 

Exploratory Data Analysis

Statistical Analysis

We conduct Kruskal-Wallis and Mann-Whitney U tests to compare affect scores across 
different time units to further evaluate the impact.

Data Collection 

Applying Detectors to Obtain Confidence Scores at Clip-Level
We applied detectors developed by Wang et al. in 2015, which provided confidence 

scores for each affective state in each clip

Data Visualization
We visualize the confidence scores for each affective state at various unit of time 
(time of the day, day of the week, season) to illustrate the impact of time-related 

features on student affective states.

Average AUC: 
0.65 

Average 
Kappa: 

0.24



Exploratory Analysis: Seasonality Effect (Boredom) 

Finding:         

• Boredom scores were significantly higher during the 
winter season compared to each of the other three 
seasons individually (p < 0.01 for each test).

* From Table 1. Statistical Results for Each Affective State by Season



Exploratory Analysis: Seasonality Effect (Confusion) 

Finding:         

• Confusion scores were significantly higher during the 
summer season compared to each of the other three 
seasons individually (p < 0.01 for each test).

* From Table 1. Statistical Results for Each Affective State by Season



Exploratory Analysis: Seasonality Effect (Frustration) 

Finding:         

• Frustration score was found to be unaffected by 
seasonal changes.

* From Table 1. Statistical Results for Each Affective State by Season



Exploratory Analysis: Seasonality Effect (Concentration) 

Finding:         

• Concentration scores were significantly higher during 
the spring and autumn seasons compared to the 
summer and winter season individually (p < 0.01 for 
each test).

* From Table 1. Statistical Results for Each Affective State by Season



Exploratory Analysis: Effect of Day of Week on Each Affective State



Exploratory Analysis: Effect of Day of Week on Each Affective State

Finding:         

• Students experienced significantly higher levels of 
boredom, frustration, and confusion when learning on 
weekends.

• Students experienced significantly higher levels of 
concentration when learning on weekdays.

Table 2. Statistical Results for Each Affective State by Day of Week 
(Weekday vs. Weekend)



Exploratory Analysis: Effect of Time of Day on Boredom

* From Table 3. Statistical Results for Each Affective State by Time of Day.

Finding:         

• Boredom were significantly higher during the 
evening and afternoon compared to the morning 
individually (p < 0.01 for each test).



Exploratory Analysis: Effect of Time of Day on Confusion

* From Table 3. Statistical Results for Each Affective State by Time of Day.

Finding:         

• Confusion were significantly higher during the 
evening and afternoon compared to the morning 
individually (p < 0.01 for each test).



Exploratory Analysis: Effect of Time of Day on Frustration

* From Table 3. Statistical Results for Each Affective State by Time of Day.

Finding:         

• Frustration was found to be unaffected by the time of 
day.



Exploratory Analysis: Effect of Time of Day on Concentration

* From Table 3. Statistical Results for Each Affective State by Time of Day.

Finding:         

• Concentration scores were significantly higher during 
the morning compared to the afternoon and evening 
individually (p < 0.01 for each test).



Time-Related Variables (Feature Engineered)

* From Table 4. Feature Engineering for Time-related Variables.



We engineered five sets of dummy-coded time-related features using the timestamp 
variables in the interaction log file

Feature Engineering and Model Construction

Model Evaluation

Kappa and the AUC score were used to evaluate the effectiveness of both the 
baseline and the new model. SHapley Additive exPlanations (SHAP) values were 
computed to show the relationship between the engineered features and each 

affective state.

Engineer Time-related Features

Construct Baseline Model*
We input features developed by Wang et al. in 2015 into eight classification 

algorithms to predict each affective state. Their performances served as our baseline.

Incorporate Time-related Features into the Baseline Models*
We add the time-related features into the baseline model for each affective states.

J48 Decision Tree
Step Regression 

JRip
Naive Bayes 

Logistic Regression 
XGBoost

SVM 
K*

* We used 5-fold student-level cross-validation to construct each prediction models



Time-related Variables and Model Performances

● Overall, the average AUC for the four 
affective states increased by 2%; the 
average kappa score increased by 12.7%

When assessing the model performance in 
different sub-regions, we found that:

● The urban region showed the most 
significant improvement in prediction 
accuracy (an average increase of 2.3% in 
AUC & an average increase of 3.2% in kappa) 

Table 5. Effect of Time-related Features on Model Performances



The Respective Directionality of 
Each Feature According to the 
SHAP Values.

"+" represents a positive correlation between the 
feature and the target variable.
● For example: students are more likely to 

concentrate during the autumn and spring

"-" represents a negative correlation between the 
feature and the target variable.
● For example: they are less likely to 

concentrate during the summer and winter

"0" represents no correlation between the feature 
and the target variable. 

Table 6. The Time-related Features in the Each Affect Detector and 
Their Respective Directionality According to SHAP Values.



Conclusion & 
Limitations

05



Discussion

Time-related features can improve model performance, particularly in the prediction of 
concentration and frustration.

These findings highlight the potential benefit of considering the effect of time when creating 
prediction models for various learning environments.

(1) Educational Games
(2) Adaptive Learning Platform
(3) Online Courses
(4) …



Limitations and Future Directions

While this study is exploratory in nature, it has inherent limitations:

● It did not explore the use of advanced machine learning models such as LSTM or GNN.

● It did not study the effect of time-related features in behavior prediction.

● It did not test the model's generalizability on other users.

Future research will explore the use of other algorithms, the effect of time-related features in 
behavior prediction, and a wider student population to assess findings' generalizability



Conclusion

● Our results suggest that time-related factors (such as time of day, day of the week, and 
season) have an impact on student affective states in online learning environments. 

● Incorporating these time-related features into affective state prediction models can 
improve model performance. 

● This approach is also applicable to other environments with event-based logging 
systems.



Thank You
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