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Introduction
In the age of artificial intelligence, trust is crucial in development and acceptance of AI 
(Siau & Wang, 2018). Trust in technology is determined by human characteristics such 
as personality (Hengstler et al., 2016). In school settings, teachers modify their instruc-
tional methods according to the individual personalities of their students. If such per-
sonality-based interventions are implemented in AI learning systems, trustworthiness 
and acceptance of AI may be increased.

Explainable recommenders, which explain why an item is recommended, have recently 
been proposed in the field of learning technology (Barria-Pineda et  al., 2021; Rahdari 
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et al., 2020; Takami et al., 2022a; Tsiakas et al., 2020). They can improve transparency, 
persuasiveness, and trustworthiness (Zhang & Chen, 2020). Examples include explana-
tions of learning history, difficulty, or relevance of knowledge in recommended quizzes. 
However, these explanations do not consider how learners perceive them, or what kind 
of explanation is best for a learner’s characteristics or personality.

In public health research, tailored interventions designed to reach a specific person 
based on their unique characteristics have been shown to be effective for behavioral 
change (Sohl & Moyer, 2007). Tailored interventions use individually focused messages 
delivered by a person, letter, or computer (Kreuter et al., 1999). Previous research sug-
gests that tailored messages may affect people differently (Sohl & Moyer, 2007). Tailored 
interventions have been studied extensively in public health but have not been fully con-
sidered in technology-enhanced education.

This study focuses on a math-quiz recommender system in which quiz-characteristic-
based explanations are provided to motivate students to accept recommended quizzes. 
We hypothesized that additional profile-specific explanations would influence student 
perceptions of the recommended quizzes, increasing their engagement with the recom-
mender. Although profile-specific persuasive explanations are generated independently 
of how the recommendation is made, they reveal personality-related information about 
the recommended item. We conducted an A/B experiment to examine the effectiveness 
of personality-based tailored interventions in educational recommenders, comparing 
personality-based tailored explanations in the intervention group and quiz-characteris-
tic explanations in the control group.

Related work
Tailored intervention

Tailored interventions are designed to reach individuals based on their unique charac-
teristics and have shown promise in public health research, such as promoting mam-
mography (Rimer et  al., 1999). Tailored interventions include assessment-based, 
individually focused messages (Kreuter et al., 1999). The assessment involves a closed-
ended measure of individual differences. This enables a message tailored to an individ-
ual’s answers to be pre-established. This scripted message can be delivered by a person 
(not necessarily a health professional), letter, or computer. Interventions are tailored to 
a variety of characteristics including age, ethnicity, risk, and barriers to care, or accord-
ing to theoretical models such as the Health Belief Model, the Transtheoretical Model, 
and concepts related to motivational interviewing. A meta-analysis review reported that 
tailored interventions, particularly those that use the Health Belief Model, are effective 
in promoting mammography screening (Sohl & Moyer, 2007). A tailored intervention 
approach has recently been initiated in the field of learning analytics (Matz et al., 2021; 
Tempelaar et al., 2021). Matz et al. proposed tailored support using student profiles of 
learning style but not personality traits; research in this area is limited.

Persuasion

Persuasive communication intends to change, reinforce, or shape another person’s 
response(s) (Cialdini, 2001; Fogg, 2002). One of the most influential models of persua-
sive strategies was presented by Cialdini (2001) and included six principles: authority, 



Page 3 of 19Takami et al. Smart Learning Environments           (2023) 10:65  

consensus, commitment, scarcity, liking, and reciprocity. Authority is considered as a 
form of social influence; it is suggested that people are inclined to follow suggestions and 
recommendations from a person with authority (Blass, 1991; Milgram & van Gasteren, 
1974), Commitment refers to the notion that people strive to maintain consistent beliefs 
and act in accordance with those beliefs (Cialdini, 2001). Liking refers to the tendency of 
people to say ‘yes’ to people they like (Cialdini, 2001).

Personality traits and persuasion

Personality inventories are psychological questionnaires that reveal the personality 
traits of participants to better understand their behavior in different settings. The Big 
Five Inventory (John et al., 1991) describes an individual’s personality across five dimen-
sions: openness to experience (O), extraversion (E), agreeableness (A), conscientiousness 
(C), and neuroticism (N). Previous Big Five personality studies in education have shown 
relationships between the Big Five dimensions and learning styles (Busato et al., 1998), 
academic success (O’Connor & Paunonen, 2007), and academic dishonesty (Giluk & 
Postlethwaite, 2015). A previous questionnaire-based personality and persuasion study 
reported that people who were agreeable tended to be persuaded by people they like 
(Alkış & Taşkaya Temizel, 2015), whereas people who were conscientious tended to be 
persuaded by people with authority (Alkış & Taşkaya Temizel, 2015). Authority is con-
sidered a form of social influence and posits that people are inclined to follow recom-
mendations from the person in authority (Blass, 1991; Milgram & van Gasteren, 1974). 
Fearful individuals are more susceptible to commitment strategies (Wall et  al., 2019). 
Commitment refers to the notion that individuals strive to maintain consistent beliefs 
(Cialdini, 2001). These traits can be clustered into three types (Asendorpf, 2002; Robins 
et al., 1996). Based on these findings, we hypothesized that an intervention that added 
profile-specific explanations would increase engagement.

Explainable recommendation

Explainable recommendations, which explain why an item is recommended, can 
improve transparency, persuasiveness, and trustworthiness (Zhang & Chen, 2020). 
Although explainable recommendation research has been conducted mainly in e-com-
merce, including Amazon and Netflix (Nunes & Jannach, 2017), there has also been a 
growing interest in explainable recommendation research in the field of education (Bar-
ria-Pineda et al., 2021; Dai et al., 2023; Rahdari et al., 2020; Takami et al., 2022a; Tsia-
kas et  al., 2020). Examples include cognitive training for elementary children (Tsiakas 
et al., 2020), mathematics in high school (Dai et al., 2023; Takami et al., 2022a), person-
alized programming practice systems in higher education (Barria-Pineda et  al., 2021), 
and Wikipedia article recommendations for online electronic textbook users (Rahdari 
et al., 2020). These systems are not only for making recommendations; they also generate 
explanations as to why the recommendations are being made. Explanations of recom-
mended items can be generated from different data sources and provided in different 
display styles (Tintarev & Masthoff, 2015) including a relevant user or item, a sentence, 
an image, or a set of reasoning rules. There are two ways to generate explanations in rec-
ommender systems: model-intrinsic and post hoc approaches (Zhang & Chen, 2020). In 
the model-intrinsic approach, the model mechanism is transparent, and the explanation 
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explains exactly how the model generates recommendations. The post hoc approach 
generates the explanation after a recommendation is generated (providing simple statis-
tical information such as ‘70% of your friends bought this item’). Post hoc explanations 
are not invalid, they are simply decoupled from the model.

In either approach, the generated explanation is related to how the algorithm selects 
the item and why it considers the item to be important to the user, such as increas-
ing knowledge in the case of e-learning. Thus, many explanations in educational rec-
ommender systems focus on the characteristics of the learning materials. For instance, 
explanations of how recommended learning tasks can improve student understanding of 
prerequisites or key concepts (Barria-Pineda et al., 2021; Dai et al., 2022; Rahdari et al., 
2020), how the recommended courses are related to student background and interests 
in terms of the topics they cover (Yu et  al., 2021), and how the learning performance 
score is predicted (Conati et al., 2021) have been proposed in previous research. How-
ever, these studies did not consider how students perceived the recommendations and 
explanations.

This study used a post hoc approach to generate tailored persuasive explanations from 
simple statistical information (such as how many top achievers solved recommended 
quizzes, how many solved today’s task, and how many tasks your classmates solved), and 
examined the effectiveness of tailored intervention in the educational field. The follow-
ing research question was addressed:

RQ: Is personality-based tailored intervention effective in an educational explainable 
recommender system?

Method
Learning data collection

In this study, a personalized explainable recommender was developed on a learning sys-
tem designed to support the distribution of learning materials and the collection and 
automated analysis of learning behavior logs using an open, standards-based approach 
(Flanagan & Ogata, 2018). The overall architecture of the system is shown in Fig. 1. The 

Fig. 1 Overall architecture of personality-based tailored explainable recommender
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main components of the framework are the Moodle LMS, which acts as a hub for access-
ing different courses, the BookRoll reading system for learning material and quiz exer-
cise distribution, an LRS for collecting learning behavior logs from all components, and 
the learning analytics dashboard to provide feedback to students, teachers, and school 
administrators. This framework enabled us to collect and analyze learning behaviors in 
real time and provide feedback to stakeholders. The quiz books used in mathematics 
classes were uploaded to the reading system and multiple-choice quiz questions were 
created to enable collection of answers in the learning log data. We collected log data, 
including student-accessed data, quiz-clicked data, and answered data on the quizzes, 
right or wrong.

Explainable recommender

From the collected right or wrong quiz data, recommendation of learning paths was 
calculated using Bayesian knowledge tracing (BKT) (Corbett & Anderson, 1994) to 
model the degree of mastery of each skill (quiz) in the recommender based on analysis 
of answers in the learning log data using the Python Library of the BKT model (Badri-
nath et al., 2021). Quizzes were recommended based on the probability that the student 
would correctly answer a question, as determined by the BKT model, with quizzes with 
an extremely high or low probability of correct answers having less weight in the recom-
mendation (Fig. 1, right).

As a basic common control explanation, we used an explanation generator using the 
BKT parameter guess (giving a correct answer despite not knowing the skill) and slip 
(knowing a skill but giving a wrong answer) (Takami et al., 2021). The explanation gen-
erator categorized recommended quizzes into different feature types according to the 
values of the model parameters and output explanation texts (i.e., High Guess value, 
meaning new skills: “Let’s carefully go over some basic skills with this problem!”; Low 
Guess value, meaning previous skills required: “Let’s try this quiz! This is a quiz that you 
can solve using your learned skills.”; High Slip value, meaning careless mistakes: “This 
quiz is so easy to miss!”, etc.) based on the categorized feature types. In this study, the 
explanation of quiz characteristics generated from BKT parameters was used as a com-
mon baseline. The intervention group generated additional tailor-made explanations 
along with this explanation.

Participants

Ten high school mathematics classes participated in this study. We obtained consent 
from all participants for their cooperation in this study and for use of their learning logs 
in our research. At the beginning of the semester, students were divided into science and 
humanities courses according to their career aspirations, and into proficiency classes 
(advanced, standard, and basic) based on their grades, with classes of the same profi-
ciency level categorized into approximately the same academic level, as shown in Table 1. 
For example, the advanced classes A and B were adjusted for the same academic abil-
ity group. During the experimental period, all classes studied the same course content 
("vectors of planes”), used the same teaching materials, and progressed in learning in the 
same manner, with slight differences in the way the lessons were explained according to 
the academic ability of the students. There were 114 quizzes on the studied content; of 
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these, five quizzes were recommended based on the level of understanding calculated 
using the BKT model. The teacher directed the students to use the recommender sys-
tem, solve the quizzes, and check their answers on the system. Before the experiments, 
we used the Big Five personality questionnaire (John et al., 1991) to measure personal-
ity traits (O, A, C, E, and N) of second-year high school students on a 12-point scale. 
Personality data with no missing values were obtained from the 217 students. In addi-
tion, we asked the students whether they were good at math, based on a five-point Likert 
scale. Math anxiety (Luttenberger et al., 2018) is a major problem in mathematics; we 
thought that whether students were good at mathematics may have a great influence on 
persuasiveness. Previous studies have shown that self-assessments of mathematics per-
ception are related to past academic performance (Hackett & Betz, 1989; Lopez & Lent, 
1992). The personality data (Big Five and math self-assessment) were stored individually 
for each student in the personality segment database (Fig. 1, bottom).

Clustering student personality

We clustered the Big five personality traits and good-at-math scales using k-means clus-
tering. Figure 2 shows an elbow plot that indicates the transition of cluster information 
over cluster numbers from 1 to 10. From the figure, we can observe that the optimal 
cluster number is three based on the resemblance to an elbow at this point. This result is 
consistent with previous results that classified personality traits into three types (Asen-
dorpf, 2002; Robins et  al., 1996; Wall et  al., 2019). Figure  3 shows the mean scores of 
the profiling personality variables (12-point scale) and the math self-assessment (5-point 
scale). Profile 1 (n = 77, 35.5% of the sample), labelled as ‘Diligent’, comprised individuals 
who reported greater Openness and Conscientiousness, and were good at math. Profile 2 
(n = 72, 33.2% of the sample), labelled as ‘Fearful’, reported higher levels of Neuroticism. 

Table 1 Math classes involved in intervention experiment

The class names in bold indicate the intervention group

Classes Enrollment Participant Diligent Fearful Agreeable Intervention/Control

Science course advanced
Class A

40 37 23 7 7 Control

Science course advanced
Class B

40 33 15 12 6 Intervention

Science course standard
Class C

27 22 9 9 4 Control

Science course standard
Class D

26 18 8 4 6 Intervention

Science course basic
Class E

13 9 2 4 3 Control

Science course basic
Class F

13 11 2 5 4 Intervention

Humanity course advanced
Class G

39 31 8 10 13 Control

Humanity course standard
Class H

39 29 5 11 13 Intervention

Humanity course standard
Class I

20 12 3 3 6 Control

Humanity course standard
Class J

19 15 2 7 6 Intervention

Total 276 217 77 72 68



Page 7 of 19Takami et al. Smart Learning Environments           (2023) 10:65  

Respondents in Profile 3 (n = 68, 31.3% of the sample), labelled as ‘Agreeable’, reported 
higher levels of Agreeableness and Extraversion. Information regarding these three seg-
ments was assigned and accumulated for each individual in the personality segment 
database (Fig. 1, bottom).

A one-way MANOVA revealed significant differences in the profiling personality vari-
ables (F (2,214) = 55.675, p < 0.001: Wilk’s lambda = 0.148). Post hoc comparisons, sum-
marized in Table 2, revealed that individuals in the Diligent group reported significantly 

Fig. 2 Elbow plot

Fig. 3 Mean of personality variables for each profile

Table 2 Personality trait statistics for each profile

Personality variables: mean, standard error in parentheses, and mean difference across three personality clusters, ***p < 
0.001

Personality variables Diligent Fearful Agreeable Univariate
(N = 77) (N = 73) (N = 69) F (2, 214)

Openness (O) 6.792 2.333 3.529 66.548***

(2.577) (2.182) (2.560)

Agreeableness (A) 8.000 6.125 8.971 22.928***

(2.575) (2.696) (2.311)

Extraversion (E) 7.481 4.000 7.897 26.606***

(3.556) (3.525) (3.447)

Conscientiousness (C) 6.948 2.986 4.735 53.793***

(2.590) (1.954) (2.410)

Neuroticism (N) 7.195 9.639 3.529 78.246***

(3.449) (2.309) (2.788)

Good at math 3.623 2.153 2.294 56.113***

(0.918) (0.944) (0.947)
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higher scores for Openness, Conscientiousness, and math proficiency than those in the 
Fearful and Agreeable groups. Individuals in the Fearful group reported significantly 
higher Neuroticism than those in other groups. Agreeable individuals tended to have 
higher scores for agreeableness than for other traits.

Figure  4 shows the flow of the participants. A total of 217 students labelled in one 
of the three profiles were assigned to either a tailored intervention group with a per-
sonality-based explanation (n = 106) or a control group (n = 111) without a personality-
based explanation. Allocation of intervention and control groups was done in such a way 
that classes with similar levels of academic ability were effectively separated, as shown 
in Table 1. For instance, in the advanced-level classes, classes A and B were assigned to 
the control and intervention groups, respectively. Additionally, consideration was given 
to ensuring a broad distribution of personality types. Class information was sent as ses-
sion information from Moodle and tailor-made explanations were generated for each 
segment using the profile segment database (Fig. 1, left). In these conditions, an explain-
able recommender was available for 18 days, from May 8–25, 2022, to implement the 
experimental contrast as an A/B test (tailored intervention group versus control group). 
During the experimental period, the log data of the accessed system, clicks on recom-
mendations, and clicks on the quiz-stats list were collected. There were no significant 
differences in each personality scale between the intervention and control groups, except 
in Cluster 1 for the good-at-math scale (mean 1.872 and 2.485, SD 0.864 and 0.983, 
t = −2.882, df = 70, p = 0.005, comparing the intervention group to the control group).

Personality‑based tailored explanation

Three types of tailored persuasive explanation suited to each profile were developed 
through previous personality and persuasion studies (conscientious individuals tend to 
be persuaded by people with authority (Alkış & Taşkaya Temizel, 2015), fearful individu-
als are more susceptible to the commitment strategy (Wall et al., 2019), and agreeable 
individuals tend to be persuaded by people they like (Alkış & Taşkaya Temizel, 2015). 
Table 3 shows examples of each tailored persuasive statement. For the Diligent profile, 
with high openness and conscientiousness, authority-related explanations of how many 

Fig. 4 Flow diagram of experiment design
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top achievers solved the quiz were provided. For the Fearful profile with high neuroti-
cism, commitment-related explanations were displayed indicating how many of today’s 
tasks were completed. Peer-related explanations were provided for the Agreeable profile. 
In the control group, only quiz-character-related explanations were provided, also dis-
played in the profile-based explanation group.

User interface

We implemented tailored persuasive explanation in the explainable recommendation 
system. Figure 5 shows a screenshot of the user interface of the explainable recommen-
dation system. A quiz feature-based explanation of the recommendations was displayed 
under the quiz title. In the intervention group, tailored persuasive explanations were 
appended below as quiz-feature-based explanations, matched according to the profile 
cluster. Students who saw these explanations were expected to be convinced of why 
the quiz was recommended and persuaded to solve it. For the convenience of the stu-
dents, all quizzes used for recommendation range and their individual learning histo-
ries (○: correct, ×: incorrect, and ?: unsolved) were displayed as quiz stats below the 

Table 3 Examples of each tailored persuasive statement

Profile Persuasive type Type of explanation Texts of explanations

Diligent Authority How many top achievers “Three top achievers have solved this quiz.”
“None of the top achievers have solved this quiz 
yet.”

Fearful Commitment How many of daily tasks “Today you used one of the recommended quiz-
zes. Two more quizzes and you will have achieved 
your daily goal.”
“You did it! Today you used four of the recom-
mended quizzes. You’ll solve more of these 
recommended quizzes to further solidify your 
understanding!”

Agreeable  Peer How many of your classmates “This quiz was solved by two students in your 
class. Let’s solve yours!”
“No one in the class has solved this quiz yet.”

Control Only quiz-character-related explanations

Fig. 5 Screenshot of recommendation UI
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recommended quizzes. Students could also access the quizzes by clicking on the title of 
the quiz-stats list.

Results
Overview of recommender usage

As shown by the blue and red colors in Fig.  6, the number of accesses and clicks on 
the recommended questions were higher in the intervention group than in the control 
group. In the control group, the recommended quizzes were rarely used; instead, quiz 
lists were frequently used, indicated in green.

Table  4 shows the number of accessed systems (Accessed), number of clicks on the 
recommender system (Clicked-Rec), and number of clicked quizzes from the quiz-
stats list (Clicked-Stats). The intervention group had approximately twice as frequent 
access as the control group and approximately seven times as many clicks on the rec-
ommended questions. We evaluated the effect of profile-based tailored explanation 
considering an indicator of effectiveness. When students solved a quiz, either from a 
recommendation or from the quiz-stats list, we defined the CVR (Zhang & Chen, 2020) 
as Clicked_Rec

Clicked_Rec+Clicked_Stats
 . As shown in Table 4, the CVR was 56.5% in the tailored inter-

vention group (with profile-based explanation) and 15.5% in the control group (with-
out profile-based explanation), approximately 3.65 times higher in the intervention 
group than in the control group. In our previous study of conventional recommenda-
tion with only an explanation using BKT parameters, the CVR was 6.17% for a summer-
vacation homework experiment  (Takami et  al., 2022). A considerable improvement in 
the click rate was indicated for recommended quizzes with additional personality-based 

Fig. 6 Recommender usage for intervention and control groups

Table 4 System access and click-count statistics

Condition Accessed Clicked_Rec Clicked Stats CVR (%)

Tailored intervention group 
(personality-based explana-
tion)

818 255 196 56.5

Control group (without 
personality-based explana-
tion)

406 35 191 15.5
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explanations, even considering whether the experimental period was the regular class 
period (this study) or the summer-vacation period (previous study).

Overview of recommender usage in each profile segment

We examined the use of the recommendation function for each cluster. Figure 7 shows 
the number of accesses and clicks on recommended questions and the status list for each 
profile cluster. There was some use of recommendation questions in all profile clusters, 
as indicated in red (Clicked_Rec). From the statistics of access and click counts in the tai-
lored intervention group (Table 5, top), the Fearful group had the highest CVR (71.1%), 
compared to 48.2% for the Agreeable group and the overall CVR of 56.5%, as shown 
in Table 4. In the control group (Table 5, bottom), Agreeable students never used the 
recommended quizzes. Diligent and Fearful students had a CVR of approximately 30%, 
but the Clicked_Rec counts were fewer than in the tailored intervention group. These 
results indicate that tailored intervention was effective in increasing the overall number 
of clicks on recommendation questions, and that the intervention group had a higher 
number of clicks on recommendation questions than the control group.

Evaluation of individual recommended quiz usage

Thus far, we have considered the CVR by focusing on the total number of clicks to com-
pare with our previous studies. We found higher recommended quiz counts than quiz 
lists. We now consider the number of times an individual recommended quiz was used, 
as shown in Fig. 8. In the box plots, the black lines within the box represent the median; 
the edges of the box represent the 25th and 75th percentiles of the data. Dots and whisk-
ers display all data points and their ranges. The number of outlier dots differed signifi-
cantly in the intervention group and the control group. The statistics for the intervention 
and control groups are summarized in Table 6. The intervention group had a mean of 

Fig. 7 Recommender usage for three intervention groups

Table 5 Access and click-count statistics for each profile segment

Condition Accessed Clicked_Rec Clicked_Stats CVR (%)

Tailored intervention 
group (personality-
based explanation)

Diligent (N = 32) 261 68 196 56.5

Fearful (N = 39) 199 82 35 70.1

Agreeable (N = 35) 358 105 113 48.2

Control group (without 
personality-based 
explanation)

Diligent (N = 32) 137 29 55 34.5

Fearful (N = 39) 46 6 17 26.1

Agreeable (N = 35) 233 0 119 0.0
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2.406 clicks, compared with 0.315 for the control group, a difference of approximately 
eight times (Table 6).

Evaluation of individual recommended quiz usage for each profile

We also evaluated each profile group (intervention and control groups). From Fig. 8, it 
is clear that some participants in all groups had zero clicks, with extreme values among 
the respondents. Thus, we conducted a Mann–Whitney U test, a non-parametric sta-
tistical test used to compare two independent groups, to determine if there was a sta-
tistically significant difference between them. The statistics for each profile group are 
summarized in Table  7. All intervention groups used the recommended questions > 2 
on average. Considering that the average value in the control group was < 1 in all groups, 
we found that the intervention group had highly recommended quiz use for all profiles. 
In the intervention group, the Agreeable group had the highest mean recommended 
quiz click counts, whereas in the control group, the Agreeable group did not use the 

Fig. 8 Box plots of individual recommended quiz click-counts (Clicked_Rec) for each group

Table 6 Intervention and control group Clicked_Rec description

Student’s t‑test, df = 215, t = 3.734, ***p < 0.001

Condition Mean SD SE

Tailored intervention group (N = 106) 
(personality-based explanation)

2.406*** 5.470 0.531

Control group (N = 111) (without personal-
ity-based explanation)

0.315 0.315 0.205
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recommended quizzes. As shown in Table 5, the Agreeable group in the control group 
had 119 Clicked_Stats counts; students in this group did not use the recommended 
quizzes but used quizzes in the list (Fig.  5) on the recommendation page. As no rec-
ommended quizzes were used in this  Agreeable group, we excluded it from a Mann-
Whitney U test and we found significant differences between the intervention group and 
the control group (Table 8). These results suggest the effectiveness of personality-based 
tailored explanations in the educational recommender system.

Interaction pattern of each intervention group through process‑mining

A more in-depth investigation was conducted using process-mining to clarify how the 
recommended quizzes were solved. DISC (Fluxicon, 2023) was used to identify promi-
nent interaction processes for each of the three intervention groups. The process of 
interaction behaviors emerged through process-mining from interaction logs (Accessed, 
Clicked_Rec, ClickedStats, QUIZ_ANSER_CORRECT, and QUIZ_ANSER_WRONG), 
as shown in Fig. 9. Process-mining uses each logged interaction as a state, represented 
as a node in the graph, and a sequence (transition of one action to another) as the edge 
of the graph. The information in the node also provides the number of students per-
forming a specific action. For example, 26 students in the Diligent intervention group 
accessed the recommender system (Fig.  9, top panel). Information on the edge repre-
sents the median time between the transition to the next action and the number of stu-
dents with a specific transition pattern. For example, after clicking on the recommended 
quiz (Cliced_Rec in Fig. 9, top) and solving the quiz in a median time of 3.1 min, three 
students answered incorrectly (QUIZ_ANSWER_WRONG). Eleven students answered 
correctly (QUIZANSER_CORRECT), with a median time of 33 s.

Comparing the behavior of each group after the recommended question was clicked, 
as indicated by the red arrows, the median time to solve a question answered incorrectly 

Table 7 Each profile descriptive of individual recommended quizzes usage

Condition Mean Std Max Min

Tailored intervention group 
(personality-based explana-
tion)

Diligent (N = 32) 2.125 4.420 17 0

Fearful (N = 39) 4.420 5.290 26 0

Agreeable (N = 35) 3.000 6.539 33 0

Control group (without 
personality-based explana-
tion)

Diligent (N = 32) 0.644 3.325 22 0

Fearful (N = 39) 0.182 0.727 3 0

Agreeable (N = 35) 0 0 0 0

Table 8 Recommended quiz usage comparison within clusters

The agreeable control group could not be tested because there were no clicks on the recommended quizzes

Mann–Whitney test W P Rank‑
Biserial 
correlation

Diligent (intervention group–control group) 925.0 0.001* 0.285

Fearful (intervention group–control group) 802.5 0.005* 0.247

Agreeable (intervention group–control group) – – –
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was the highest for all groups, suggesting that more time was required to solve a dif-
ficult question. The time required to answer correctly was shorter for all groups. These 
results suggest that BKT comprehension estimation recommends questions of a moder-
ate difficulty level, which is the likely reason why some questions were answered incor-
rectly and others were answered correctly. In the Fearful group (Fig. 9, bottom left), after 
ClickedStats were selected from a list of questions and the quiz opened, they returned to 
the original recommendation page (median 3.2 min for eight participants). This may be 
because they chose the questions themselves, wondered whether to answer them, and 
eventually returned to the original page without solving them. Such behavior may be 
characteristic of fearful traits and high anxiety tendencies.

Correlation of personality scale and recommended quiz usage in intervention group

We also examined the extent to which the personality scale was related to the number of 
clicks on the recommendation questions in the intervention clusters. No significant cor-
relation was observed in the Diligent group. In the Fearful group, we found a significant 
negative correlation between Extraversion and Clicked-Rec, meaning that more extra-
verted fearful students tended to use the recommended quizzes less. This result suggests 
that for learners with high sociability and a tendency toward anxiety, commitment-type 
intervention may not be effective. Thus, it may be necessary to consider alternative 
explanations tailored to personality traits. In the Agreeable group, we found a positive 
correlation between Good_at_math and Rec_click. This result suggests that the Big Five 
personality scale and students’ subjective perceptions of strengths or weaknesses in 
learning may be important in segmentation.

The correlational analyses suggest that categorization into three groups was somewhat 
coarse. To implement effective explanatory interventions, more detailed classifications 
and explanations tailored to specific personality traits must be considered. Additionally, 
in school settings, although group interventions based on personality are effective to a 
certain extent, individualized interventions may be necessary for learners who benefit 
less from group-based approaches.

Fig. 9 Process-mining for each intervention group
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Limitations

In this study, it was confirmed that adding explanations tailored to personality increased 
learner engagement. To determine whether each explanation was appropriate for each of 
the three groups, a comparison between matched and unmatched explanations was nec-
essary because the study did not have a sufficiently large sample size to validate interven-
tions that did not match the profile. A previous psychologically based tailoring study on 
public health found no significant differences between matched and unmatched inter-
vention conditions (Hirai et al., 2016). Although further research is needed to validate 
the effectiveness of tailored interventions comparing matched and unmatched groups, 
this study indicated that compared with controls, additional matched tailored explana-
tions according to personality were effective. In this study, although we used k-means 
clustering, there is room for verification as to whether similar clustering results can be 
achieved with different volumes and distributions of data, particularly in the context of 
class sizes ranging from approximately 200–500 students in a single grade level at one 
school.

Another limitation of the Big Five Inventory is that it is difficult to ask nearly 70 ques-
tions to students from K–12. Methods are required to reduce the burden of implemen-
tation, such as predicting personality traits from learning logs (Denden et  al., 2018; 
Ghorbani & Montazer, 2015; Takami et  al., 2022b). However, privacy concerns must 
be considered when implementing methods to estimate personal information. These 
issues should be treated as matters of privacy in decision-making processes (Acquisti & 
Grossklags, 2005; Kokolakis, 2017).

Discussion and conclusions
The main unique finding of this study was that personality-based tailored interven-
tions aimed at increasing engagement with explainable recommender systems were 
significantly more effective than a conventional quiz character-based explanation-only 
approach in the A/B test condition (Table 6). The overall CVR of 56.5% (Table 5) in the 
intervention group was considerably higher than that reported in our previous study 
(CVR, 6.17). There are several possible explanations. In our previous study, the experi-
ment was conducted in an environment where the teacher was not available during sum-
mer vacation; in this study, the experiment was conducted during a regular class period. 
In addition, in the previous study, the students were rushed to work on the assignment 
immediately before the end of summer vacation; thus, they may not have been able to 
fully utilize the recommended questions. Even discounting this, the intervention group 
CVR was much higher than that of the control group using the same means of explana-
tion based on the quiz character.

Based on previous findings that conscientious people tend to be persuaded by people 
with authority (Alkış & Taşkaya Temizel, 2015), this study assumed that authority figures 
were the top performers. Authority is considered as a form of social influence; people 
tend to follow suggestions and recommendations from those with authority (Blass, 1991; 
Milgram & van Gasteren, 1974). Although top achievers may have authority, it is con-
ceivable that others would also have authority, including teachers, school seniors with 
excellent grades, and those at the top of the hierarchy in school society. The Diligent 
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group providing authority explanation did not have as high a CVR (Table  5) or mean 
number of recommended quiz clicks (Table 7) as the other two groups. Thus, there is 
room for improvement as explanations from other authorities may be more effective.

The Fearful group had the largest overall CVR (Table 5); the average number of rec-
ommended quizzes for individual students was ranked second (Table  7). This means 
that some in the Fearful group used the recommended quizzes frequently and others 
did not. Heavy users of the recommended questions accounted for the number of times 
they used the recommended quizzes in this group. In addition, as shown in Fig. 10, the 
more extroverted fearful students tended to use fewer recommended quizzes, suggesting 
that more detailed tailoring interventions are needed for these students. Extraversion 
plays a crucial role in formation of social networks, primarily through what is termed 
as the ’popularity effect’, suggesting that individuals with higher levels of extraversion 
tend to have a larger circle of friends than their introverted counterparts (Feiler & Klein-
baum, 2015). Thus, it may be effective to provide explanations to the Agreeable group, 
such as how many classmates solved the quizzes, to high-anxiety students with high 
extraversion.

The Agreeable group had the lowest CVR (48.2) (Table  5) in the tailored interven-
tion condition, different from that in our previous report (6.17) (Takami et  al., 2022). 
Recommendation questions were not used in the control group. This means that the 
peer-persuasive explanation (how many classmates solved the recommended quizzes) 
was effective for Agreeable students. In the Agreeable group, students who thought they 
were good at math used the recommended quizzes more often (Fig.  10, right). These 
results suggest that it is important to consider personality traits and skill level in persua-
sive explanations in education. In mathematics, math anxiety (Luttenberger et al., 2018) 
has become a major problem, and should be considered in development of persuasive 
educational systems.

Explanations of why an item is recommended are important in educational settings 
(Takami et al., 2022a). There are two main explanations: model-intrinsic and post hoc 
approaches (Zhang & Chen, 2020). In the model-intrinsic approach, the model mech-
anism is transparent, and the explanation indicates exactly how the model gener-
ates a recommendation interpretation from the recommender model algorithm. This 
approach is related to explainable AI (XAI) and has recently received attention in the 
field of education (Khosravi et al., 2022). In education, additional benefits of explana-
tions from learning systems have been proposed (Ogata et al., 2024; Flanagan et al., 

Fig. 10 Correlation between personality scales and Rec-clicked in intervention group
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2021), such as encouraging student motivation to learn, leading to higher achieve-
ment. There are several possible reasons for use of explainable recommendation 
systems in education. A data-driven explanation based on learning history explains 
that a question is recommended based on mistakes made on it in the past. Using the 
knowledge model, this knowledge is related to other knowledge, and the quiz is rec-
ommended. Regarding persuasive explanations, we found that adding a tailored per-
suasive explanation to an explanation of the characteristics of the problem estimated 
from conventional learning history had a great effect on engagement. These results 
suggest that it may be effective to combine several explanation methods according 
to student characteristics such as personality, rather than using only one explanation 
method, to improve transparency, persuasiveness, and trustworthiness. New explana-
tion methods tailored to personality can be considered as advancement of previous 
explainable recommendation research.

Our intervention was tailored using a personality trait-based approach based on 
responses to the Big Five psychological questionnaire. Previous learning analysis 
research (Matz et al., 2021) did not use the psychological personality trait scale, although 
some learning-style-related questionnaires were used for clustering. A design-based 
approach was used for university students; it was less robust than the A/B testing we 
used. The Big Five model of personality has been validated, although it has been argued 
that it does not capture the full range of human personalities, as it mostly concerns the 
more prosocial aspects of behavior (Paulhus & Williams, 2002), intelligence (Jensen, 
1998), inhibition/activation (Carver & White, 1994), narcissism (Raskin & Hall, 1979), 
grit (Duckworth et al., 2007), and happiness (Lyubomirsky & Lepper, 1999). However, we 
did not examine these personality traits. Clustering using different personality measures 
and tailored interventions for each segment would be more effective for engagement. 
Tailored interventions including target segmentation for all aspects of learners may 
require improvement for future implementation. If empirical evidence confirms that 
certain types of explanations are more effective for specific learner profiles, development 
of a dataset that pairs learner types with effective explanations is a logical avenue for 
research. Such a dataset could be instrumental in fine-tuning large-scale language mod-
els such as ChatGPT (OpenAI, 2022) and Llama 2 (Meta, 2023), enabling them to gener-
ate highly accurate and trustworthy explanations tailored to individual learner types.

A personality-based, segmented tailored intervention for students designed to increase 
engagement with explainable recommender systems was significantly more effective 
than conventional explanations. These results suggest that personality-based explana-
tions in the recommender approach are effective for e-learning engagement and imply 
improved trustworthiness in the AI learning system.
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