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Abstract: The application of multimodal data is particularly important in accurately assessing
behavioral effects and optimizing the decision-making process. This type of data provides more
comprehensive and in-depth insights by integrating information from different sources and formats.
Comprehensive data support not only enhances the science and accuracy of decision-making but also
significantly improves the quality of behavioral effectiveness assessment. This study first describes the
practical significance and theoretical value of multimodal data in behavioral effect assessment.
Subsequently, the types of multimodal data involved and the construction methods of data sets are
introduced. In order to demonstrate the role of multimodal data in behavioral effect assessment, the
teaching effect of English classroom presentations at a comprehensive university in China is taken as
a case study, and the effect of the target behavior was statistically measured based on multimodal data
such as students’ classroom behavioral videos, images, questionnaires, interviews, and assessment data.
The results of the case study show that AI+ demonstrates significant advantages in behavioral effect
assessment, which is more objective and effectively avoids the limitations of subjectivity in traditional
assessment methods. At the same time, multimodal data helps optimize behavioral effects. For example,
the presentations made at the beginning of the class show significant advantages in teaching effect
compared with the presentation made before the end of the class, which provides data support and
optimization direction for the implementation of teaching activities.
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1. Introduction

As technology advances and demand grows, multimodal behavioral data is of great importance
for behavioral effect assessment. The wide application of modern sensors, cameras, and smart
devices has significantly simplified and facilitated the process of multimodal data collection.
Multimodal data, which integrates multiple data forms such as vision, speech, text, and sensor signals,
is gradually leading behavioral effect assessment from the traditional simple assessment mode to a
new stage of in-depth understanding and personalized optimization. Studies have shown that in the
broad field of behavior recognition, multimodal data, with its rich information dimensions, can
capture and analyze the complex features of behavior in a more comprehensive and accurate way
than traditional methods that rely only on single-mode data, and thus achieve significant
improvement in the comprehensiveness and accuracy of behavior description. Taking human
behavior research as an example, traditional unimodal data sources (e.g., questionnaires or activity
counters) are often limited by the subjectivity of the respondents and the influence of specific
environmental factors, which may lead to biased or incomplete data. In contrast, multimodal data
can provide a more three-dimensional, continuous, and close-to-reality description of behavior by
combining multiple dimensions such as activity tracking, sentiment analysis, and geolocation
information. This comprehensive approach to data analysis can not only reveal the deeper
motivations and patterns behind behaviors but also provide strong support for the development of
personalized behavioral interventions and optimization strategies (Oresti et al., 2016). Therefore,
with the continuous progress of technology and the improvement of data fusion capability,
multimodal behavioral data will play an increasingly important role in the field of behavioral
outcome assessment in the future.

The results of the visualization analysis with the help of the Citespace software show that the
seven research hotspots of multimodal data processing are mainly related to medicine, deep learning,
and multimodal data fusion (see Figure 1). There are a lot of intersections between research hotspots,
indicating that multimodal data-related research mainly focuses on multimodal data fusion technology
and its application areas. In these areas, researchers explore how to achieve multimodal data fusion
through machine learning and how to maximize the value of multimodal data in the medical field.
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Figure 1. Keyword clustering mapping of literature related to multimodal data processing.
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In multimodal data research, multimodal fusion methods based on deep learning have become a
focus of research in recent years. For example, extracting features by using convolutional neural
networks (CNNs) and bi-directional long- and short-term memory networks (Bi-LSTMs) (Smolinski
et al., 2024) or constructing a multimodal internet of driver behavioral analysis (MODAL-IoCV)
(Aboulola, et al., 2021), which allows real-time monitoring of driver’s attention and behavior and a
reduction in accident risk. In addition, models with attention mechanisms can optimize the fusion effect
of remotely sensed data and socio-perceptual data for urban functional area identification (Xie et al.,
2022). Several studies have further explored the potential of data fusion in specific application
scenarios. Examples include recognizing gambling sites by integrating visual and semantic features
(Wang et al., 2022), combining 3D point cloud data and generative adversarial networks (GANSs) to
process large-scale automated driving data (Ignatious et al., 2023), and using decision trees and
correlation analysis algorithms on behavioral data collected through cameras, microphones, and other
sensors for multimodal perception to improve the efficiency of processing complex events (Alkhomsan
et al., 2017). While multimodal data fusion shows strong potential, research has also shown that the
effects of different fusion methods and modal combinations vary significantly. For example, models
using facial expression and eye movement data worked best in the prediction of learning outcomes for
online learning instructors, while models combining brainwave data were more effective in the
prediction of cognitive and affective engagement (Xiao et al., 2023). In addition, the high
dimensionality and heterogeneity of multimodal data are still the challenge of research, and how to
realize efficient fusion without losing key information is a future research direction.

The application of multimodal data within the medical field is mainly based on multimodal data
to enhance decision-making. First, in the prediction of problematic behaviors of children with autism,
by analyzing multimodal data including behavioral observations, physiological indicators, and
environmental factors through the machine learning framework PreMAC, researchers were able to
capture the subtle changes in the behavioral patterns of children with autism with greater precision,
which significantly improves prediction accuracy (Zheng et al, 2021). This data-based prediction
method not only provides a scientific basis for early intervention for children with autism but also
reduces the burden for families and society. Similarly, deep learning models of multimodal data play
an important role in the early diagnosis of attention deficit hyperactivity disorder (ADHD).
Traditional diagnostic methods often rely on doctors’ subjective assessment, which has large errors
and uncertainties. Deep learning models based on multimodal data, on the other hand, are able to
comprehensively consider information from multiple aspects, such as the patient’s behavioral
performance, cognitive function, and physiological indicators, among others, so as to more
accurately determine whether or not the patient suffers from ADHD (Zhang et al., 2024). In addition,
with the continuous progress of artificial intelligence technology, research on multimodal data
analysis methods in the field of intelligent medical treatment has become more and more extensive.
In medical signal monitoring systems, for multimodal data such as ECG and arterial blood pressure,
researchers have developed a convolutional neural network (CNN)-based information fusion (CIF)
algorithm to detect heartbeat location. The algorithm is versatile, robust, and efficient, and can
accurately identify a patient’s cardiac condition and provide timely diagnosis and treatment
recommendations for physicians (Chandra et al, 2018). In addition to the above applications, the
open-source web application IMPatienT (Integrated digital Multimodal PATIENt daTa) provides a
new platform for the application of multimodal data in the medical field. By processing multimodal
patient data that combines image data with free text, IMPatienT is able to provide physicians with
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comprehensive diagnostic information to help them make more accurate decisions (Meyer et al.,
2024). This decision-support system based on multimodal data not only improves the efficiency and
quality of healthcare services but also brings better treatment experience and prognosis to patients.
Finally, the genetic evolutionary randomized neural network clustering (GERNNC) model, which
combines genetic evolutionary algorithms and neural networks, also shows great potential in the
study of the pathogenesis of Alzheimer’s disease (AD). Through multimodal data fusion analysis,
the GERNNC model is able to reveal the complex relationship between brain structure, function,
and genetic information of AD patients, which provides important clues for a deeper understanding
of the pathogenesis of AD and the development of effective treatments (Wang et al., 2023).

The related research on behavioral effects is more about exploring the results or impacts of human
behaviors in various fields. Based on the econometric analysis of behavioral effect-related studies in
recent years conducted by the Citespace software (see Figure 2), it can be seen that the relevant studies
mainly focus on medicine, artificial intelligence, and education, indicating that behavioral effect
analysis with the help of artificial intelligence technology has been widely used in the fields of
medicine and education.
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Figure 2. Keyword clustering mapping of literature related to behavioral effects.

In the field of medicine, behavioral outcome research has focused not only on the direct effects
of drug treatment but also on revealing the potential impact of drugs on patient behavior. For example,
a study of Chilean epilepsy patients aged 4—15 years found that family history of psychiatric disorders
and prior behavioral disorders were predisposing factors for patients to develop adverse behavioral
effects after treatment with levetiracetam (LEV) (Cortes & Manterola, 2020). This study not only
enriches our understanding of patient behavioral changes during drug therapy but also suggests the
need for clinicians to consider more individualized factors when developing treatment plans.
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Meanwhile, a behavioral quality assessment of 727 patients using levetiracetam showed that children
taking levetiracetam were at risk of experiencing a number of behavioral side effects compared to
children not taking the drug (Halma et al., 2014). These studies not only emphasize the importance of
behavioral outcome studies in assessing the efficacy and safety of medication but also provide
comprehensive information about the efficacy of medication for patients and families.

In the field of education, behavioral effectiveness research has focused more on students’ problem
behaviors and classroom behaviors, especially focusing on how to use diverse strategies to promote
the healthy development of children’s emotion and behavior. Numerous literature have shown the
effectiveness of emotional education activities in enhancing children’s emotional intelligence and
reducing behavioral problems. For example, Lim’s (2014) study reveals that an emotional education
program can substantially increase the level of emotional intelligence of 4-year-old children and
effectively reduce their behavioral disturbances. Meanwhile, the family environment, as an important
background for children’s growth, should not be ignored for its influence on children’s behavior. Ho
(2021), through an in-depth exploration of the impact of family members’ conflicts over children’s
education on children’s behavior, found that reducing conflicts within the family, especially through
parental education to enhance communication and conflict resolution among family members, has a
positive effect on alleviating young children’s behavioral problems. This study emphasizes the
importance of family harmony in the development of children’s behavior. In terms of classroom
behavior, positive behavior support (PBS), as an effective educational strategy, has been widely
recognized as having a positive impact on shaping young children’s pro-social behaviors. Kim’s (2019)
study demonstrated that the implementation of PBS significantly enhances young children’s social
behavioral performance in the classroom and promotes the formation of positive peer relationships.
However, the effects of classroom quality on children’s behavior are not static and exhibit some
complexity. Watts (2021) noted that while improvements in classroom quality have a relatively limited
impact on children’s behavior in general, access to a high-quality classroom significantly improves
academic achievement and behavioral performance for children living in poor environments. This
finding highlights the critical role of classroom quality in the development of behavior for specific
groups of children. In addition, differences in behavioral effects are also seen across individuals of
different ages and levels of education. Chew’s (2017) study found that individuals with higher levels
of education showed more abnormalities in risk attitudes but fewer abnormalities in time management,
revealing a complex relationship between educational attainment and individual behavioral patterns.
In terms of character education, Jeynes (2019) pointed out that the impact of character education on
the behavior of students of different ages is differentiated, and that high school students have a more
significant effect of behavioral change in character education compared to elementary school students,
emphasizing the relevance and differentiation of the implementation of character education.

With the continuous development and popularization of artificial intelligence technology, its
application in the analysis of behavioral effects has become increasingly widespread. Whether in the
medical field or in the field of education, artificial intelligence provides new methods and tools for
behavioral effect research with its powerful data processing ability and intelligent decision-making ability.

The marginal contributions of this study are mainly in two points. First, this study uses Al tools
to statistically measure behavioral effects based on multimodal data. This approach not only transcends
the limitations of traditional single-modal data analysis but can also reveal the complexity and diversity
of behavioral effects in greater depth by combining multimodal data, such as images and texts. Second,
this study further broadens the application area of multimodal data by taking English classroom
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teaching as a case study. Traditional teaching assessment methods often rely on single test scores or
questionnaires, which are difficult to fully reflect students’ real performance in the classroom. Instead,
this study evaluates the effectiveness of classroom presentation as a teaching activity by integrating
multimodal data from student behavior, student feedback, and teacher evaluation.

The rest of this paper is structured as follows: Chapter 2 presents the multimodal data set for
behavioral effectiveness assessment. In this chapter, we will introduce the multimodal data involved in
behavioral effectiveness assessment. Chapter 3 is a case study of behavioral effectiveness assessment
based on multimodal data. In this chapter, we will discuss the behavioral effect assessment method based
on multimodal data using English classroom presentation as a concrete case. First, we will introduce the
collection process of multimodal data, including the selection of collection tools, the setting of collection
points, and the preliminary organization of data. Then, we will analyze the collected multimodal data to
reveal students’ behavioral characteristics and effects in classroom presentations. Chapter 4 is a
conclusion. In this chapter, we will summarize and discuss the research content of this paper.

2. Multimodal data sets for behavioral effects assessment

Data collection is an indispensable core component of behavioral effectiveness evaluation. Before
collecting data, we first need to define the goals of the assessment. This requires the evaluator to clarify
the following questions: What behavioral effects are being evaluated? What is the purpose of the
assessment? What specific information or conclusions do you hope to obtain through the assessment?
Based on the assessment objectives, we need to further define the type of data to be collected.
According to the data collection method, there are five main types of data: numerical data, text data,
image data, audio data, and sensor data.

Numerical data is one of the most direct and objective data types in behavioral effectiveness
assessment. It is usually obtained by measuring, counting, or calculating, such as the respondent’s age,
height, weight, income, and other basic information, as well as quantitative indicators such as the
number of times the behavior occurs, frequency, duration, and so on. Numerical data can provide us
with a precise and quantifiable basis for assessment and help us understand the behavioral
characteristics and trends of respondents more intuitively.

Text data, as the most basic and common type of data in behavioral effect assessment, is mainly
obtained through interview records, questionnaire survey results, social media comments, online
evaluations, and other methods. This type of data can directly reflect the views, attitudes, and feelings
of respondents, providing rich qualitative information for the evaluation.

Image data also plays an important role in behavioral effect assessment. By capturing key
information such as respondents’ behavioral processes, expression changes, and environmental layout,
image data can visually display behavioral effects and help us understand respondents’ behavioral
patterns and emotional responses more intuitively.

Audio data is also a data type that cannot be ignored in the evaluation of behavioral effects. It is
acquired through voice recording and voice analysis. Voice information is converted into text
information with the help of speech recognition and speech transcription technology, which facilitates
subsequent analysis and processing. Audio data can reveal the respondent’s voice characteristics such
as intonation, speech speed, volume, etc., thus reflecting their emotional state, self-confidence level,
and other psychological characteristics.
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Sensor data, on the other hand, is an emerging and important data type in behavioral outcome
assessment. It is mainly obtained through biometric sensors, motion sensors, environmental
monitoring sensors, and other devices, which can monitor the physiological indicators, physical
activity, environmental conditions, and other information of the respondents in real time. This type of
data provides objective and quantitative data support for the assessment, making the results more
accurate and reliable. When collecting data, we make sure to focus on the assessment objectives to
ensure the accuracy, completeness, and representativeness of the data.

After completing data collection, the next step is the construction of data sets. The core purpose
of data set construction is to organize the collected raw data into a collection of data that is clearly
structured and easy to compare and analyze. Such a data set can more intuitively show the relationship
and trends among the data. Data cleansing is the first and crucial step in data set construction. Since
the data collection process may produce invalid, duplicate, erroneous, or abnormal data, if not cleaned,
these data will be seriously misleading for subsequent data analysis. Therefore, it is important to ensure
the accuracy and completeness of the data before performing comparative analysis. In data set
construction, data are usually divided into two data sets, the experimental group and the control group.
The experimental group is a collection of data that received a specific behavior or intervention, while
the control group is a collection of data that did not receive any specific behavior or intervention. By
comparing the data from the experimental and control groups, the effectiveness of the specific behavior
or intervention can be assessed. After completing the data set construction, the next process usually
involves further processing and analysis of the data as well as interpretation and application of the
results. At this stage, we will use statistical methods and data mining techniques to analyze the data in
depth and reveal the patterns and trends behind the data. At the same time, we also need to interpret
and apply the analysis results to develop corresponding strategies, plans, or improvement measures to
guide subsequent behavioral practices.

3. Case studies on behavioral effects assessment based on multimodal data
3.1. Background of the case

Enhancing the effect of classroom presentations not only stimulates students’ learning interest
and expression ability but also promotes teamwork and knowledge application. It is an important
way to cultivate innovative and critical thinking, and several scholars have analyzed how to improve
the quality of presentations. Related studies cover content optimization (e.g., AceTalk system, PPT,
and manuscript suggestions), structure improvement (e.g., slide structure modification system), and
presentation skill enhancement (e.g., Pecha Kucha fast-paced presentations, presentation tools in
PBL courses) (Stapa et al., 2014; Trinh et al., 2016; Park, 2016; Lee, 2018; Zhao & Fei, 2022;
Takahashi et al., 2024). In addition, the effects of factors such as collocation ability, group
cooperation and feedback mechanism, and teaching mode on presentations have also been explored
(Park, 2012; Choi, 2018; Hartono, 2023; Han, 2024). However, most of these studies rely on
questionnaires and interviews and lack the application of multi-tools such as computer visualization
techniques; few studies have focused on the effects of different time slots on presentation effect. Is
there any difference in students’ performance when presenting at different periods of a lesson? Is
there any difference in classroom behavior when listening to presentations in different time slots?
Can the above questions be answered with the help of artificial intelligence and supplemented with
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multimodal data generated from evaluations, questionnaires, interviews, etc., to automatically
identify classroom behaviors?

3.2. Data collection

The case samples selected for this study were 319 second-year students from a comprehensive
university in China, including 89 male and 230 female students. Students attended seven different
classes and were freely organized into 84 presentation groups, with one group from each class
presenting in class every week. Thirty groups presented 10 minutes before the end of class, and all
other groups presented 10 minutes at the beginning of class. The data involved in this case were
presentation scores, students’ self-performance assessments, and students’ classroom behavior.
Presentation scores were collected and presented through numerical scales; students’ self-performance
assessment data were obtained through questionnaires and interviews; and students’ classroom
behavior was obtained through artificial intelligence technology.

1. Presentation score

After the students finished the presentation, the students who listened to the presentation made an
oral peer evaluation of the presentation group’s performance. After, the teacher made further comments
on content, structure, oral expression, stage manner, etc. Finally, the students and the teacher rated the
presentation group separately, with the students’ rating accounting for 30% and the teacher’s rating
accounting for 70% of the total score of 20 points.

2. Questionnaire survey

After all groups finished the presentation, the teacher distributed questionnaires to find out the
students’ behavioral engagement. The questionnaire was developed based on Ren Qingmei’s
Classroom Learning Engagement Measure (Ren, 2023). The questionnaire completed by students who
made presentations in the first 10 minutes of class contained four questions:

* [ listen more attentively to presentations that begin as soon as class starts than to presentations

before class ends.

* [ responded more actively to the questions posed by groups presenting at the beginning of

class than I did to the presentation delivered near the end of class.

* [ was more likely to ask questions regarding the content of presentations that start at the

beginning of class, compared to the presentations made before class ended.

* [ was more willing to evaluate the presentations that began as soon as class began, compared

to the presentations that were made before class ended.

The questionnaire completed by the students who made presentations 10 minutes before the end
of class contained the above four questions and also the additional question “I would have performed
better if [ had made presentations as soon as class began.” A five-point Likert Scale was used for each
question: 1= Almost Never, 2 = Rarely, 3 = Sometimes, 4 = Often, and 5 = Always. The questionnaire
was filled out anonymously to ensure that data were authentic and reliable.

3. Interviews

Presentation groups were categorized into high subgroups (>18 points), medium subgroups (15-17
points), and low subgroups (<14 points) based on presentation scores. The teacher selected one student
from each of the high, medium, and low subgroups in each of the two periods for one-on-one interviews.
The interviews were usually conducted after class in the form of small talk in the classroom the students
were attending in order to keep students from feeling nervous. There were four questions for the interviews:
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*  Does the time period in which the presentation takes place have an impact on your performance?

* Does the time of presentation have an effect on your listening attentiveness?

* Does the time slot of the presentation have an impact on your participation in interactions

(questions, answers, peer evaluations)?

* Ifyou had a choice, which time slot would you prefer to conduct the presentation?

The interviews were audio-recorded, and the recordings were converted to text and analyzed at
the end of the interviews.

4. Artificial intelligence monitoring

A high-definition camera with a resolution of 1920 x 1080 was installed above the blackboard in
the classroom. There are five camera shooting modes available to choose from: automatic capture,
teacher panoramic, student panoramic, teacher close-up, and student close-up. During students’
presentations, the teacher can easily activate the camera equipment with a single click and select the
“student panoramic mode” to record the entire process of students’ classroom learning behaviors while
they are listening. The deployment of the classroom camera and the recorded classroom situation are
shown in Figure 3.

111.1114£_L
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Figure 3. The deployment of classroom cameras and classroom conditions.

From each video, one keyframe was selected from every 30 frames and saved. Later, the original
image was input into the data annotation software tool for labeling the target detection boxes. In this
study, seven common classroom behaviors were labeled: listening to the lecture, reading a book,
playing with a mobile phone, talking, sleeping, standing, and raising hands (see Figure 4).
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listening reading playving talking sleeping

standing handsup

Figure 4. Seven common classroom behaviors. Note: Students’ faces have been blurred
for the sake of their privacy.

With the continuous advancement of artificial intelligence technology, a variety of algorithms
and models have been proposed to automatically recognize classroom behaviors, e.g., moving target
detection algorithms, standing behavior recognition algorithms based on region of interest and face
tracking, and hand raising behavior recognition algorithms based on skin color detection (Wu et al.,
2016). In addition, the combination of [oT technology and convolutional neural network (CNN) also
provides new solutions for classroom behavior recognition, such as VGG16, 3D-CNN, CNN-10, and
other models, which are excellent in both accuracy and robustness (Lin et al., 2021; Albert et al.,
2022; Zhou et al., 2022). Meanwhile, the YOLO series of deep learning algorithms have also been
widely studied and applied in the field of classroom behavior recognition. For example, the improved
YOLO-v4 network, ET-YOLOVvVS5s, and YOLOv8n_BT algorithms can effectively recognize a wide
range of classroom behaviors (Chen & Guan, 2022; Li et al., 2022; Liu et al., 2024).

Based on the above background, in this paper, labeled images were imported into the CA-YOLOV9
network for intelligent recognition of classroom behavior. This network is based on the YOLOvV9
network, with the addition of the CA module. The network’s graphics processing unit (GPU) used an
NVIDIA GeForce RTX 3090, and the deep learning framework employed Pytorch 2.0 with CUDA 11.7.
Training parameters were set as follows: batch - size = §; number of iterations 300. The evaluation
metrics for the network mainly included precision, recall, and mean average precision (mAP). mAP
adopted the mAPO0.5 metric, indicating the mAP when IoU (the intersection over union) is 0.5.

In summary, this paper collected and obtained the scores of 84 group presentations, 303
questionnaires (with a valid questionnaire recovery rate of 94.98%), 24 group presentation videos (12
groups in each time slot), and interview recordings with a length of 31 minutes and 49 seconds (a total
of 5,368 Chinese characters).

3.3. Evaluation of behavioral effectiveness
3.3.1. Presentation scores

We categorized the scores of the groups that did presentations in two different time periods; the
average, highest, and lowest scores of each time period are shown in Table 1.
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Table 1. Scores for the presentations.

Items Presentations at the beginning of class Presentations before the end of class
Average score 17.25 16.5

Highest score 20 19

Lowest score 14 12

As can be seen from Table 1, the presentation made at the beginning of the class led to better
performance than the group who presented before the end of the class. The data shows that the average
score of presentations at the beginning of class was 17.25, while the average score of presentations before
the end of class was 16.5. The highest score at the beginning of the class was 20 out of 20, while the
highest score before the end of the class was only 19 out of 20, although the performance was also good.
Meanwhile, comparing the lowest scores, the lowest score of 14 at the beginning of the class was also
higher than the lowest score of 12 before the end of the class. This phenomenon may be attributed to the
fact that students were more focused and energized at the beginning of class and, therefore, better able
to demonstrate their abilities and readiness. In contrast, by the end of the class, students may feel tired or
distracted due to the long period of study and activities they experienced, which affected their
presentation performance to some extent. In addition, presentation before the end of class may also be
affected by time constraints, resulting in inadequate preparation or inconsistent performance.

3.3.2.  Results of the questionnaire survey

We conducted a questionnaire survey on students’ behavioral engagement while listening to the
presentation. The first four questions were answered by all students, and the fifth question was limited
to those who made the presentation 10 minutes before the end of the class. The results are shown in

Table 2.

Table 2. Average scores for behavioral engagement items.

Items Average scores
Presentation at the Presentation before
beginning of class the end of class

1. I listen more attentively to presentations that begin as soon as 3.79 3.24
class starts than to presentations made before class ends.
2. | responded more actively to the questions posed by groups 3.63 341

presenting at the beginning of class than I did in the presentation

delivered near the end of class.

3. I was more likely to ask questions regarding the content of 3.37 3.23
presentations that start at the beginning of class, compared to the

presentations made before class ended.

4. 1 was more willing to evaluate the presentations that began as  3.53 3.16
soon as class began, compared to the presentations that were made

before class ended.

5. I would have performed better if | had made the presentation as / 3.24
soon as class began.
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From the self-assessment of the students who took the questionnaire, they generally believed that
their presentations at the beginning of the class were superior to those before the end of the class.
Specifically, according to the comparison of the means of each item, the mean of presentation at the
beginning of class was significantly higher than that before the end of class in all aspects. This result
clearly shows that students demonstrated higher behavioral engagement in the presentation at the
beginning of class. Not only did they listen more attentively to the presentation, but they were also
more active in answering and asking questions, as well as more willing to evaluate the presentation.

3.3.3. Results of interviews

An interesting result was obtained in the interviews addressing the effect of presentation slots on
performance. First, the six students interviewed did not believe in general that the time slot in which
the presentation was conducted would have a direct impact on their performance. However, when
asked which time slot they would prefer to present in if they had a choice, five students expressed a
preference to present within the first 10 minutes of class. This shows that even though the students did
not believe that the time slot had a direct impact on their performance, they still preferred to present at
the beginning of the course when it came to actual choices.

Notably, the only student in the lower subgroup who presented 10 minutes before the end of class
stated that he was not particular about the time slot, but that he would be more attentive when listening
to class presentations that began at the beginning of class. This view was echoed by two students from
the middle and low subgroups who made presentations at the beginning of class and who also felt that
presentations at the beginning of class captured their attention more. However, the other three
respondents indicated that they would remain attentive listeners regardless of the time slot of the
presentation and that the time slot had no effect on their concentration.

When it comes to the impact of presentation slots on participation in classroom interactions, the
students’ views were equally diverse. Two introverted students indicated that they were less likely to
take the initiative to speak in class, and therefore the impact of slots on their participation in
interactions was not significant. In contrast, three students explicitly stated that they were more willing
to answer questions posed by the classroom presentation group that began as soon as the class started,
as well as discuss and evaluate the content of the presentations. This may be related to the fact that
they were more focused and engaged at the beginning of the class. Finally, another student offered a
more rational viewpoint, arguing that the influence of time slots on the interaction was not direct but
rather depended on whether one was able to answer the questions of the presentation group or whether
there were issues that one did not understand or agree with that needed to be discussed with the
presentation group, and whether the presentation group had something special to comment on. This
idea emphasizes the initiative and selectivity of individuals in their interactions, rather than simply
being influenced by the time slot.

In summary, although the students did not believe that presentation slots directly affected their
performance or interaction participation in general, they still tended to present at the beginning of the
class and showed higher levels of concentration and participation in their actual choices. At the same
time, individual initiative and selectivity in interaction are also important factors that influence the
effectiveness of interaction.
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3.3.4. Results of artificial intelligence monitoring

By inputting the labeled raw images into the CA-YOLOV9 network for classroom behavior
recognition, we obtained the percentage of seven common classroom behaviors (see Table 3).

Table 3. The proportions of seven typical classroom behaviors.

Listeners’ classroom behavior Presentations at the beginning of Presentations before the end of
class class

Positive listening 55.71% 80.73% 52.43% 79.44%

classroom reading 25.02 % 27.01%

behaviors

Negative playing 11.74% 12.82% 13.97% 16.95%

classroom talking 1.07% 2.63%

behaviors sleeping 0.01% 0.35%

Interactive hands-up 0.49% 6.45% 0.06 % 3.61%

classroom

behaviors

In terms of students’ classroom behavior, students showed high concentration at the beginning of
the class but then showed a gradual decline. According to the data in Table 3, it can be seen that when
listening to the presentation at the beginning of the class, the percentage of positive classroom
behaviors such as listening attentively and reading the relevant materials was 80.73%, slightly higher
than the 79.44% listening to the presentation before the end of the class. The percentage of negative
classroom behaviors such as playing with cell phones, talking, or sleeping was 12.82%, lower than
16.95% in the presentation before the end of the class. Also, the percentage of raising hands to
participate in the interaction and standing up to answer/raise questions in the presentation at the
beginning of the class was higher than before the end of the class.

4. Conclusions

This paper first describes the role of multimodal data in behavioral effect assessment, states its
practical significance, and then puts forward its theoretical significance by combining the related
research of multimodal data and behavioral effect. Subsequently, this paper introduces the multimodal
data involved and the construction of data sets in the process of behavioral effect assessment. On this
basis, the paper takes the teaching effect of English classroom presentation as a case study and
statistically measures the behavioral effect based on the multimodal data involved. In the process, the
study draws two core conclusions. First, regarding the comparison of assessment methods, we find that
Al+ technology shows significant advantages in the assessment of behavioral effects. Compared with
traditional assessment methods such as interviews and questionnaires, AI+ not only monitors results
that are highly consistent with the results obtained by these traditional methods but also has stronger
objectivity, effectively avoiding the subjective limitations that may exist in traditional methods. Second,
multimodal data helps optimize behavioral effects. Through the case study of English teaching, it can
be seen that presentations at the beginning of a class show significant advantages in teaching
effectiveness compared with presentations before the end of the class, which is reflected in the students’
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presentation scores, their self-assessment, and their behavioral performance in the classroom. These
provide data to support and optimize instructional activities.

These findings not only provide new perspectives and methods for behavioral effectiveness
assessment but also some important insights. First, interdisciplinary cooperation and knowledge
integration are the keys to promoting the innovative development of behavioral effectiveness
assessment. By integrating knowledge and methods from different disciplines, we can jointly explore
more efficient and accurate assessment tools to provide a scientific basis for decision-making in
various fields. Second, continuous optimization based on assessment results is an important way to
maximize the target effect. By continuously collecting and analyzing multimodal data, we can identify
problems and adjust strategies in a timely manner so as to continuously improve the target effect.
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