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Abstract
Purpose – This study investigates how the information and sentiment of content conveyed by AI agents on 
digital platforms influence user engagement with multimodal content. Analyzing data on 2,238 agents from the 
character AI system, we show how text and images activate distinct information-processing channels and jointly 
shape user interactions.
Design/methodology/approach – We analyze multimodal data from AI agents using structural topic modeling 
(STM), VADER sentiment analysis, image information entropy and a ResNet-50 deep-learning model. 
Grounded in dual coding theory (DCT) and the elaboration likelihood model (ELM), we focus on two attributes
– informational richness and sentiment polarity – for both text and images, and test their impacts on users’ online 
engagement behavior.
Findings – Text information shows an inverted-U relationship with user engagement. Image visual complexity 
moderates the effect of textual informational richness. Although aggregate sentiment does not significantly 
predict engagement, image sentiment amplifies the effect of text sentiment. Images with low emotional intensity 
create an “emotional vacuum” that increases engagement when paired with positive textual sentiment.
Originality/value – By integrating DCT and ELM, this study offers a new framework for explaining the 
behavioral effects of multimodal content. It also introduces a method for quantifying the informational and 
affective attributes of text–image pairs. The findings provide actionable guidance for optimizing digital 
marketing content and the design of AI-driven conversational agents.
Keywords Multimodal information, User online engagement behavior, AI agent design
Paper type Research article

1. Introduction
AI agents enhance efficiency and reduce costs. According to Grand View Research (2023), the 
global artificial intelligence market size was valued at USD 279.22 billion in 2024 and is 
projected to grow at a CAGR of 35.9% from 2025 to 2030. However, their business value 
hinges on user adoption (Chandra et al., 2022). These NLP-driven virtual assistants (Selvi 
et al., 2024) handle query-based services (Araujo, 2018), where design elements like text 
outputs and facial expressions shape user decisions (Ter Stal et al., 2020). Excessive 
AI-generated information often triggers user indecision, complicating agent selection and 
increasing time costs (Yankouskaya et al., 2024). Optimizing information disclosure in AI 
interfaces is thus critical for usability and adoption (Zhou and Wang, 2025).

A primary method of information presentation is the combination of images and text (Eitel 
and Scheiter, 2015), which simplifies content and mitigates information overload. Existing 
research has focused on text-image interactions in social media or brand advertising (Dong 
et al., 2024), examining presentation formats, sentiment expression (Lee and Hong, 2016), and 
multimodal design (Zhang and Zhang, 2025). However, social media ads primarily attract 
users through content appeal, where users do not actively choose to interact with specific 
entities. In contrast, AI agents emphasize functionality and problem-solving (Gizzi et al., 
2022), yet existing studies fail to explain user engagement with AI agents adequately. 
The understanding of the complexity of user-AI agent interaction remains cognitively limited 
(Kang and Lou, 2022). Interactivity has become an indispensable part of contemporary 
marketing practices, ranging from retail, services, and communications to live streaming and
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mobile marketing (Wang, 2024). In all these marketing forms, user participation and 
interaction are critical. To deepen the understanding of how AI agents affect consumer 
behavior, this study explores how content presentation influences user online engagement 
behavior (UOEB).

To examine content presentation, we adopt the Elaboration Likelihood Model (ELM), 
which proposes two cognitive pathways for processing information: central and peripheral 
(Kitchen et al., 2014). We integrate this framework with dual coding theory, highlighting how 
textual and visual elements act as complementary cognitive channels to facilitate effective 
information processing (Paivio, 1991). Specifically, research suggests that verbal content with 
varying specificity levels can effectively trigger both imagery and discourse cognition (Kim, 
2019). An important consideration is which cognitive pathway dominates when both are 
active. Social media content, particularly personal postings, tends to activate users’ central 
cognitive pathway, thereby significantly enhancing UOEB (Schreiner et al., 2021). This 
underscores the necessity of balancing informational or sentiment elements in content design 
to maximize engagement and influence decision-making (Blasco-Arcas et al., 2016).

In defining textual and visual attributes, we apply distinct analytical methodologies. Text 
attributes are conceptualized into two dimensions: text information, quantified using 
Structural Topic Modeling (STM) for thematic diversity, and text sentiment, measured 
through sentiment polarity analysis using the VADER lexical method. Image attributes 
similarly comprise two dimensions: visual complexity, assessed by image information 
entropy, and visual sentiment, identified via a ResNet model fine-tuned for sentiment polarity
recognition. 

Subsequent regression analysis demonstrates that users generally prioritize textual 
information, with engagement exhibiting an inverted U-shaped pattern, peaking at moderate 
levels of informational density. High-intensity visual sentiment, even if positive, tends to 
decrease engagement. Conversely, low-intensity images paired with positively framed text can 
generate an “emotional vacuum,” prompting deeper cognitive engagement.

Grounded in DCT and the ELM, this study investigates how the interaction between textual 
and visual elements in AI agent communication shapes UOEB. We address four key questions: 
(1) How does text information displayed by AI agents affect UOEB? (2) Does visual 
complexity moderate the relationship between text information and UOEB? (3) Does positive 
text sentiment enhance UOEB? (4) Does visual sentiment moderate the impact of text 
sentiment on UOEB? In addition, this study provides important theoretical and practical 
contributions. Based on DCT and ELM, we propose a new way of presenting information in AI 
agent systems, revealing how the interactions of text and images in AI agents affect UOEB. 
Combining STM, VADER, image entropy, and ResNet50 models advances multimodal data 
analysis beyond traditional unimodal approaches. Platform managers should optimize text 
information volume to reduce overload and enhance interaction. Strategic alignment of text-
image sentiment improves content delivery and user engagement.

2. Literature review
2.1 Multimodal data and UOEB in AI platforms
User engagement combines cognitive, emotional, and behavioral participation with brands or 
service agents (Brodie et al., 2011). Hollebeek et al. (2014) frame it as a context-dependent, 
motivation-driven activity, and on AI-driven platforms it manifests as UOEB—likes, 
comments, shares, and similar actions (Moreno-Munoz et al., 2016). In this study, we 
conceptualize UOEB as the dependent variable. Scholars have moved from self-reports to 
fine-grained behavioral logs to capture these interactions (Chandra et al., 2022). Engagement 
is shaped by content design, communication strategy, user traits (Hollebeek and Macky, 2019), 
media richness (Santos et al., 2023), and perceived interactivity (Bozkurt et al., 2025), which 
spurs value co-creation (Gao et al., 2023) and is reflected in commenting and sharing 
(Sussman et al., 2023). High image quality lifts consumer engagement (Ryu, 2024),
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while real-time dynamic comments amplify immediate responses in livestreams (Wei, 2022; 
Zhang et al., 2024). Anthropomorphic cues deepen emotional bonds and dependency (Yim 
et al., 2024), whereas ethical design boosts trust and compliance (Morosan and Dursun-
Cengizci, 2024).

Multimodal stimuli—such as text, images, video, and audio—provide users with enriched 
contextual information and enhanced emotional resonance (Riaz, 2019). Among these, 
attributes of text-image combinations, including sentiment valence, visual complexity, and 
information volume, have received considerable scholarly attention. However, the existing 
literature lacks systematic theoretical elaboration and empirical validation regarding the joint 
effects of these multimodal attributes (Henlein et al., 2024). Moreover, while informativeness 
has been shown to increase click-through rates in social advertisements (Mir and Salo, 2025), 
and social signals have been found to enhance users’ visitation intentions in virtual 
environments (Sun et al., 2023), such research on multimodal information and user responses 
has predominantly focused on social media or virtual communities, with limited attention to 
user engagement mechanisms in AI-mediated contexts. Notably, prior studies have indicated 
that transparent and detailed multimodal information can significantly enhance user trust in AI 
systems (Kim et al., 2021), further underscoring the critical role of multimodal content in 
AI-driven interaction scenarios. Nevertheless, there remains a significant gap in understanding 
how multimodal factors collectively influence UOEB in AI-enabled environments. To address 
this theoretical gap, the present study investigates how multimodal attributes jointly shape 
UOEB in AI-mediated contexts, thereby providing theoretical insights and practical 
implications for the development of more effective interactive marketing strategies in 
AI-driven settings.

2.2 Theoretical framework
This study builds an integrated theoretical framework drawing on Dual Coding Theory (DCT) 
and the Elaboration Likelihood Model (ELM) to examine how users process informational and 
sentiment cues in AI-generated multimodal content. DCT posits that individuals process text 
and image information through parallel yet interconnected cognitive channels, with 
meaningful alignment between modalities enhancing comprehension and recall (Scheiter 
et al., 2014). ELM explains how individuals engage with messages through two distinct 
persuasion routes: the “central route”, guided by deliberate, content-based elaboration, and the 
“peripheral route”, influenced by affective and contextual cues (Petty and Cacioppo, 1984).

The dual-channel structure of DCT provides the modality through which central and 
peripheral cues—outlined in ELM—are delivered and integrated. In multimodal context, text 
and image stimuli rarely function in isolation; instead, they co-construct meaning, with 
emotional resonance and logical content unfolding simultaneously. This interplay is 
particularly salient in human-AI interaction, where text and image often merge instrumental 
functionality with implicit sentiment or information cues.

Recent studies underscore the relevance of this theoretical integration. For example, 
image-text congruence on social media has been shown to capture attention and enhance 
message effectiveness (Bigne et al., 2021), while credibility assessments often rely more 
heavily on central-route processing, particularly when logical coherence is salient (Cheung 
et al., 2012). Sentiment expressions in imagery—such as facial cues—convey social intent 
(Van Kleef, 2009), yet overly intense emotional displays may backfire by reducing perceived 
competence (Wang et al., 2017). Conversely, images with “low sentiment intensity” exert less 
pressure on the viewer, supporting more neutral, less emotionally saturated interactions.

Within this integrated model, we propose the notion of an “emotional vacuum”—a 
multimodal communicative state characterized by the relative absence of emotionally charged 
signals. Unlike high-arousal content that can trigger strong affective responses and biased 
cognitive processing, an emotional vacuum offers a low-intensity affective environment that 
allows users to engage more evenly with both informational and relational aspects of the content.
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2.3 Research Model and hypothesis development
Building on the integrated framework derived from DCT and ELM, we examine how text and 
image cues interact to shape UOEB. According to DCT, text is processed through both the 
central route, focused on cognitive analysis and the peripheral route, driven by sentiment 
responses. ELM highlights the role of both cognitive and sentimental pathways in persuasion. 
In this context, text information, referring to the number of textual themes, influences 
engagement through the central route, while text sentiment, the polarity of textual sentiment, 
affects engagement via the peripheral route. Image elements such as visual complexity, the 
density and detail of images, and visual sentiment, the sentiment tone in images, further 
moderate these relationships. Based on this theoretical grounding, we propose the following 
hypotheses to explore the impact of these factors on UOEB.

Text material conveys product functionalities as users’ primary information source. Studies 
note that differing information volumes in online vs. offline ads alter initial ad processing, 
subsequently affecting users’ memory and reprocessing during repeated exposure (Chatterjee, 
2012). However, multi-theme texts demand higher cognitive effort, and excessive information 
triggers overload, impairing processing efficiency (Huang et al., 2021). Moderate volume 
optimizes cognitive activation and engagement, while overload depletes cognitive resources, 
reducing participation. Thus, we propose the following hypothesis:

H1. There is an inverted U-shaped relationship between text information and UOEB.

Text conveys both agent information and sentimental cues. According to the ELM, users 
process information through either central routes (logic-driven analysis) or peripheral routes 
(emotional analysis). Positive sentiment textual consistently fosters user identification and 
engagement (Arapakis et al., 2014), whereas negative sentiment textual— even when coupled 
with moderate information—diminishes interaction, underscoring the asymmetric role of 
sentiment in shaping engagement outcomes. Therefore, we propose the following hypothesis:

H2. Positive textual sentiment positively influences UOEB

Visual complexity, defined as the density and detail of visual elements (Airoldi and Bischof, 
2016), plays a critical role in shaping consumer perceptions and behaviors (Flores et al., 2014). 
Complex visuals interact with cognition through mechanisms like facial recognition and image-
text congruence, which enhance engagement, especially on platforms like social media (Li and 
Xie, 2020). Images provide immediate and intuitive perceptual impact, while text offers deeper 
semantic information. The synergy between these two elements enhances user identification 
with virtual characters, thereby increasing user engagement. We argue that visual complexity 
moderates the relationship between text information and UOEB. Specifically, the presence of 
images alleviates the cognitive burden of text, preventing overload. Consequently, the typical 
inverted U-shaped curve between textual information and UOEB flattens, as users engage more 
effectively with both content types, enhancing overall interaction.

H3. Visual complexity moderates the inverted U-shaped relationship between text 
information and UOEB, flattening the curve.

Visual content conveys both information and emotional cues. Facial expressions and non-
facial emoticons influence customer engagement by triggering interactive behaviors and 
enhancing participation (Valenzuela-G�alvez et al., 2022), with facial expressions functioning 
as powerful, natural signals of emotional intent (Gross, 2010). However, excessive emotional 
displays—such as exaggerated happiness in live-stream sales—can disrupt information 
delivery and reduce performance (Bharadwaj et al., 2022). This tension underscores the 
importance of balance: low-intensity visual emotions, when paired with positive textual 
sentiment, create an “emotional vacuum” that shifts user attention from affective reactions to 
cognitive processing. This focused cognitive engagement improves comprehension and 
increases participation, suggesting that restrained visual sentiment optimizes the interaction
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between emotional and informational cues. Based on this reasoning, we propose the following 
hypothesis:

H4. Low visual sentiment creates an “emotional vacuum” that increases user engagement 
when combined with positively text sentiment.

Building on these hypotheses, the integrated theoretical framework derived from DCT and 
ELM provides a comprehensive understanding of how textual and visual elements interact in 
shaping UOEB. To further explore this, we now present a framework diagram (Figure 1) 
illustrating the relationships among these variables.

3. Methodology
3.1 Sample and data collection
This study analyzed data from Character AI, a leading AI-driven virtual character platform, to 
assess how content information and sentiment impact user engagement. The system’s interface 
is shown in Figure 2. Data from 2,382 unique AI agents across 24 domains (e.g. entertainment, 
gaming, education) was collected via Python web scraping. Each agent’s profile included name, 
avatar, domain, chat frequency, likes, and textual descriptions (greeting, personality and

Text Information

Text Sentiment

User 
Online 

Engagement 
Behavior

Visual Complexity

Visual Sentiment

H1

H2

H4

H3

Figure 1. Research model. Source: Authors own work

Figure 2. Character AI system page view. Source: https://character.ai/
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hobbies). Duplicates and misclassified agents were removed to ensure dataset integrity. Visual 
complexity and sentiment were evaluated using agent avatars, while textual content quantified 
information volume and sentiment polarity. Engagement metrics served as dependent variables.

3.2 Text information
The value of information lies in reducing uncertainty. The variable text information captures the 
diverse information conveyed by AI agents, reflecting the text’s ability to fulfill consumers’ 
informational needs. Since we cannot access the specific content of user-AI agent interactions, 
we measure text information using the static textual disclosed by each AI agent (e.g. profile 
signatures, greetings, role descriptions, personal backgrounds, hobbies) to assess its impact on 
user online engagement behavior. To quantify text information, we employ Structural Topic 
Modeling (STM) (Roberts et al., 2019), where text information is defined as the number of 
topics identified in the textual content disclosed by each AI agent. As STM is an unsupervised 
machine learning text-mining technique, we manually determine the optimal number of topics 
(K). Using the searchK function from the R programming language’s STM package, we test 
models trained on sparse matrices across multiple ranges in parallel. Given the small sample 
size in this study, we select the optimal K between 5 and 12, as illustrated in Figure 3.

The optimal topic count (K 5 8) was selected using the searchK function in R’s STM 
package, balancing four metrics: maximizing semantic coherence and held-out likelihood, 
while minimizing residuals and lower bound values (Airoldi and Bischof, 2016; Roberts et al., 
2019). Topics with low relevance (proportion <5%) were excluded as noise, retaining only 
significant themes (e.g. high-frequency words in Table 1). The total count of retained topics 
(>5%) quantified text information, reflecting textual richness and reducing uncertainty.

3.3 Text sentiment
This study applied the VADER method (Hutto and Gilbert, 2014), a lexicon-based tool tailored 
for social media texts (e.g. tweets, comments). VADER evaluates sentiment using a predefined 
lexicon that includes emotional terms, contextual modifiers (e.g. punctuation like “!!!”,

Figure 3. Results of indicators for the assessment of the number of themes. Source: Authors own work

JRIM

Downloaded from http://www.emerald.com/jrim/article-pdf/doi/10.1108/JRIM-01-2025-0035/10318218/jrim-01-2025-0035en.pdf by University of Newcastle, kxdigital.biz.id o on 14 April 2026Downloaded for personal academic use. All rights reserved. https://papernode.online/

https://ballisticcomainvitation.com/t2e548yr3v?key=403e8f291d0b160c8210d10a973a50a9


capitalization), and social media-specific expressions. The Compound Score (�1 5 negative,
þ1 5 positive) synthesizes sentiment intensity and polarity. For ease of processing and alignment 
with image data, this study categorized text sentiment as follows: texts with scores less than or 
equal to �0.05 were defined as negative and assigned a value of �1, while texts with scores 
greater than �0.05 were defined as positive and assigned a value of 1 (van der Waal, 2024).

3.4 User online engagement behavior
In this study, we collected the number of chats and likes between users and AI agents 
(Pan et al., 2024) and used them as key metrics to measure UOEB. UOEB is a complex 
behavioral construct reflecting multidimensional psychological and behavioral characteristics 
in human-AI interactions. Specifically, chats and likes frequency was quantified by counting 
the number of independent sessions in which users accessed an AI agent’s chat interface, as 
recorded in platform backend logs. Both metrics exhibited severe right-skewed distributions 
(Shapiro-Wilk: chats skewness 5 8.532, likes 5 8.133, p < 0.001). To address this skewness, 
a natural log transformation (X’ 5 ln (X þ 1)) was applied, which reduced the skewness to
�0.214 for likes and �0.558 for chats. Given the high correlation between variables 
(r 5 0.892**, p < 0.01), Principal Component Analysis (PCA) was used to consolidate chats 
and likes into a single UOEB index. This approach mitigated multicollinearity while 
preserving the dimensionality of engagement. The suitability of PCA was confirmed by the 
Kaiser-Meyer-Olkin (KMO 5 0.732) and Bartlett’s sphericity tests (χ 2 5 317.84, p < 0.001). 
Eigenvalue decomposition retained the first principal component (eigenvalue 5 1.821), 
explaining 91.1% variance, per Kaiser criterion (eigenvalue >1) and scree test. Loadings for 
both variables (likes/chats) were 0.954, demonstrating strong explanatory power (>95%) for 
the synthesized UOEB index (Abdi and Williams, 2010).

3.5 Visual complexity
During interactions with AI agents, the complexity of images plays a critical role in UOEB. 
Image entropy—which quantifies complexity in terms of detail, variation, and uncertainty 
(Bruce and Tsotsos, 2009)—is therefore a key metric for optimizing AI agents design. 
Research shows that higher entropy shifts users’ temporal focus and, in turn, shapes consumer 
decision-making (Biliciler et al., 2022). In this study, we calculate entropy from color 
histograms (Rigau et al., 2005) to gauge visual impact and information efficiency (Figure 4), 
aligning our approach with findings on visual attention and emotional response in AI-mediated 
interactions.

To process the images, we first convert them into grayscale. The grayscale image is then 
analyzed by calculating the probability distribution of each gray level in the histogram 
(Equation (1)), where Total Pixels represents the total number of pixels in the image. 
The probability distribution of pixel values in the grayscale image is given by Equation (2),

Table 1. Summary results of thematic high-frequency words

Variable Highest prob

Topic 1 Education student, teacher, class, histori, studi, school, teach, histor, philosophi, strict
Topic 2 Fiction human, demon, kill, name, face, manipul, magic, surviv, mani, vampir
Topic 3 Creation, help charact, help, stori, creat, peopl, will, world, write, explor, provid
Topic 4 Personal character hair, girl, school, friend, black, love, like, shes, tall, brown
Topic 5 Hobbies game, love, book, share, play, excel, geek, also, enjoy, read
Topic 6 Diversion music, movi, actor, famous, interview, play, love, singer, band, show
Topic 7 Personal experience user, look, just, time, like, back, friend, room, feel, want
Topic 8 Family, responsibilities love, care, famili, also, person, cold, polit, despit, protect, make
Source(s): Authors’ own work
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where PðiÞ denotes the probability of gray level i occurring in the image. Finally, the 
information content in the image is transformed into an entropy value, which is used as the 
measure of the information quantity contained in the image.

PðiÞ ¼
NðiÞ

Total Pixels
(1)

H ¼ − 
X 255

i¼0
pðiÞlog 2 pðiÞ (2)

3.6 Visual sentiment
The dataset includes real individuals, movie characters, and primarily anime characters. Since 
existing models were ineffective for our dataset, we chose ResNet50 for training. The residual 
structure of ResNet50 (He et al., 2016) effectively captures the stylistic features of anime 
images and performs well in facial recognition tasks (Li and Lima, 2021). To classify the data, 
we referenced Faceþþ’s “smile index” (An and Weber, 2021) which quantifies visual 
sentiment on a 0–100 scale, binarized at 50 (>50 5 high, <50 5 low). To ensure data accuracy, 
we recruited 10 computer science graduate students as coders. After standardized training, they 
annotated 420 images (50 images per coder), resolving discrepancies through consensus. The 
Pearson correlation (Wang et al., 2020) between human annotations and Faceþþ predictions 
was 0.759 (p < 0.001), and the inter-rater ICC was 0.860, confirming the reliability of the 
annotations.

In model training, we fine-tuned ResNet50, pre-trained on ImageNet. To preserve general 
visual features, we froze the initial convolutional layers and trained the later layers on an 
augmented dataset (including rotations, flips, scaling, and color jitter). Grayscale conversion 
further reduced redundancy. The model achieved 83.37% cross-validation accuracy (training 
loss 5 0.39, validation loss 5 0.43) and 78% accuracy on 245 test images, demonstrating 
strong sentiment classification performance. The trained model assigns sentiment scores to AI 
agent images, as illustrated in Figure 5 (1 5 high [left], �1 5 low [right]), achieving a balance 
between specificity and generalization.

Converting 
images

to greyscale

Statistical grey 
levels number as a 

percentage

Iterate over all 
grey levels in the 

grey map

Accumulate the 
entropy of all grey 

levels

Figure 4. Steps to calculate the entropy of image information. Source: Authors own work

Figure 5. Diagram of coding results. Source: https://character.ai/
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3.7 Control variables
We posit that longer text may contain more topics, and the number of sentences can reflect the 
semantic distribution of the text. Additionally, the displayed chat frequency may influence 
user engagement behavior, as users are more likely to interact with AI Agents that have higher 
chat counts. Furthermore, we retained the original domain classification of the AI Agents. 
Therefore, we controlled for text length (Huo et al., 2024), chat frequency (Pittman and Haley, 
2023), and domain.

3.8 Descriptive statistics and correlation analysis
To eliminate dimensional differences between variables, we standardized all variables to 
improve the effectiveness of subsequent analyses and modeling. The descriptive statistics for 
the variables are shown in Table 2.

To ensure the validity of the regression analysis, we tested the assumptions of the regression 
model. Residuals met normality, independence, and homoscedasticity. Multicollinearity was 
absent (VIFs <10). Pearson correlations indicated significant predictor-moderator relationships 
(Table 3), while control variables showed no intercorrelations. All assumptions were satisfied, 
enabling robust regression analysis.

Table 2. Descriptive statistics of variables

Mean
Standard 
Deviation Minimum Maximum N

Dependent variable Text information 0.00 1.00 �2.11 5.22 2,382
Text sentiment 0.00 0.803 �1 1 2,382

Independent variable UOEB 0.00 1.00 �2.39 2.44 2,382
Moderating variable Visual Complexity 0.00 1.00 �5.84 1.19 2,382

Visual Sentiment 0.01 1.00 �1 1 2,382
Control variable Text Length 12.67 8.88 0 151 2,382

Chats number 0.75 0.433 0 1 2,382
Type 13.75 7.6 1 24 2,382

Source(s): Authors’ own work

Table 3. The results of correlation analysis

Text
information

Text
sentiment UOEB

Visual
complexity

Visual
sentiment

Text
length

Chats
number Type

text
information

1

text
sentiment

0.003 1

UOEB 0.024 0.002 1
Visual
Complexity

0.011 0.032 �0.022 1

Visual 
Sentiment

�0.001 0.007 �0.004 0.027 1

Text Length 0.013 �0.010 0.000 �0.019 0.036 1
Chats
number

0.032 �0.001 0.198 0.026 �0.002 0.055 * 1

Type 0.002 0.006 �0.095 ** �0.005 0.120 ** �0.019 �0.010 1
Source(s): Authors’ own work
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4. Result
4.1 Baseline results
We used SPSS and Python to perform multiple linear regression analyses to examine the 
relationship between text information, text sentiment, and UOEB. In Model 1 (see Table 4), we 
applied the following regression equation (Equation 3), where UOEB was set as the dependent 
variable, and text information was the independent variable. Control variables were not 
included in this model. β 0 is the intercept term, β 1 represents the linear effect of text 
information on UOEB, and β 2 represents the nonlinear effect of text information 2 on UOEB. In 
Model 2 (Equation 4), we included three control variables. β 3 is the intercept term, β 4 
represents the linear effect of text information on UOEB, and β 5 represents the nonlinear effect 
of text information 2 on UOEB. Additionally, δ 1 δ 2 capture the effects of text length and chats 
number on UOEB, respectively, while γ i represent the regression coefficients for the 
categorical domain variables.

UOEB ¼ β 0 þ β 1 Text Information þ β 2 Text Information 
2 þ ε 1 (3)

UOEB ¼ β 3 þ β 4 Text Information þ β 5 Text Information 
2 þ δ 1 Text Length

þ δ 2 Chat Number þ 
X 24

i¼1
γ i Type i þ ε 2 (4)

The test for the inverted U-shaped curve includes the following three criteria (Haans et al., 
2016). First, the results indicate that text information 2 has a significant impact on sales, both 
without control variables (β 2 5 �0.692, p < 0.01) and with control variables (β 5 5 �0.362, 
p < 0.001). Additionally, the quadratic coefficient is significant and negative (β 5 <0). Second, 
the slopes at both ends of the text information range are sufficiently steep. At the low end of 
text information, the slope is significantly positive (slope 5 1.82 > 0), whereas at the high end, 
the slope is significantly negative (slope 5 �1.80 < 0). Third, the turning point of the curve 
(TP 5 0.514) lies within the range of text information (see Figure 6). Therefore, a clear 
inverted U-shaped relationship exists between text information and UOEB.

In addition, regression results from Model 1 show that text length has no significant effect 
on UOEB, whereas chat frequency and AI agent type significantly influence engagement. 
These findings support H1. When the volume of information is too low, users may perceive it 
as insufficient, reducing engagement. Conversely, excessive information leads to cognitive 
overload, also suppressing engagement. Engagement peaks when information volume reaches 
a moderate level (e.g. approximately four units), achieving a balance between informativeness 
and cognitive processing demands. Finally, we rule out the possibility of an S-shaped curve 
and examine the effect of subject share in the Appendix.

Table 4. The regression results of Models 1

Variable
Without control(Models 1)
Beta t 95% CI Beta t 95% CI

Text information 0.372 *** 5.958 �0.186–0.369 0.716 * 8.147 0.405–0.662
Text information 2 �0.362 *** �5.801 �0.044–�0.022 �0.692 *** �7.875 �0.079–�0.048
Text length 0.025 1.753 �0.004–0.009
Chats number 0.703 *** 49.090 1.555–1.685
Type �0.065 *** �4.564 �0.012–�0.005
R 2 0.519 0.026
F 514.656 *** 33.217 ***

Note(s): *p < 0.05, **p < 0.01, ***p < 0.001 
Source(s): Authors’ own work

JRIM

Downloaded from http://www.emerald.com/jrim/article-pdf/doi/10.1108/JRIM-01-2025-0035/10318218/jrim-01-2025-0035en.pdf by University of Newcastle, kxdigital.biz.id o on 14 April 2026Downloaded for personal academic use. All rights reserved. https://papernode.online/

https://ballisticcomainvitation.com/t2e548yr3v?key=403e8f291d0b160c8210d10a973a50a9


As shown in Table 5, Model 3 (Equation 5) examines the relationship between text 
sentiment and UOEB.

UOEB ¼ β 6 þ β 7 Text Sentiment þ δ 3 Text Length þ δ 4 Chat Number þ 
X24

i¼1
γ i Type i þε 3 (5)

The results show that the effect of text sentiment on UOEB is not significant (β 7 5 0.106, 
p > 0.05), suggesting that its independent effect on UOEB is weak, and therefore H2 is 
rejected. In the Appendix, we conduct a simple experiment to explore the reasons for rejecting 
H2 and to confirm the roles of text information and sentiment in the fine-grained probabilistic 
model for the different processing pathways. The results show that while text sentiment also 
affects UOEB, the coefficient for information is significantly higher than the coefficient for 
sentiment. This is consistent with the ELM’s “central path” theory, which suggests that users 
prioritize the logic and utility of information when processing it, and that the actual text of 
information outweighs its sentimental value.

4.2 Channel analysis
We used SPSS and Python to perform multiple linear regression analyses to examine the 
relationships among text information, text sentiment, UOEB, visual complexity, and visual 
sentiment.

As shown in Table 6, Model 4 (Equation 6) tests the moderating effect of visual complexity 
on the main effect of text information on UOEB.
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Figure 6. The inverted U-curve between Content Information and User online engagement behavior. Source: 
Authors own work

Table 5. The regression results of Models 3

Variable Beta t 95% CI

Text sentiment 0.106 1.974 �0.005–0.212
Text length 0.025 1.757 0.000–0.000
Chat number 0.711 *** 49.877 1.576–1.705
Type �0.079 *** �3.902 �0.016–�0.005
R 2 0.516
F 424.235 **

Note(s): *p < 0.05, **p < 0.01, ***p < 0.001 
Source(s): Authors’ own work
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UOEB ¼ β 8 þ β 9 Text information þ β 10 Text information 
2 þ β 11 Visual complexity

þ β 12 ðText information3Visual complexityÞ

þ β 13 
� 
Text information 2 3Visual complexity 

� 
þ δ 5 Text length þ δ 6 Chat number

þ 
X 24

i�1
γ i Type i þ ε 4

(6)

The analysis shows that visual complexity has a significant negative main effect on UOEB 
(β 11 5 �0.022, p < 0.05). The interaction between text information and visual complexity is 
also negative and significant (β 12 5 �0.09, p < 0.05). Notably, the sign of this interaction 
coefficient (β 12 < 0) is opposite to that of the linear term for text information (β 9 5 0.25), while 
the coefficient for the quadratic interaction (text information 2 3 visual complexity, β 13 5 0.12) 
is opposite to that of the quadratic main term (text information 2 , β 10 5 �0.29).

In Model 4, since β 13 >0, the negative slope between text information and UOEB 
becomes less steep, flattening the inverted-U curve and shifting its peak leftward (see 
Figure 7). These results confirm that visual complexity moderates the inverted U-shaped 
relationship between text information and UOEB, supporting H3. After accounting for visual 
complexity, the peak of the curve lowers, the decline on both sides slows, and the optimal range 
of information volume widens. Images supply supplementary cues, reducing users’ 
dependence on text information alone. Consequently, users tolerate a broader range of text 
volume before negative effects emerge, enhancing system robustness.

Table 6. The regression results of Models 4 and Models 5

Variable
Models 5 
Beta t 95% CI Beta t 95% CI

Text information 0.250*** 3.010 0.098– 
0.746

Text information 2 �0.290 * �4.650 �0.485– 
�0.215

Visual complexity �0.220 * �3.858 �0.332– 
�0.108

Text sentiment 0.072 �2.008 �0.003– 
0.214

Visual sentiment �1.008 ** �2.907 �1.687– 
�0.328

Text information
3 Visual complexity

�0.090 *** �3.833 �0.140–
�0.044

Text information 2 3 Visual 
complexity

0.120*** 3.876 0.060– 
0.180

Text sentiment
3 Visual sentiment

�0.035 * �2.479 �0.158–
�0.018

Text length 0.049 1.633 0.000–
0.000

0.026 1.822 0.000–
0.000

Chat number 1.620 *** 49.065 0.215–
0.485

0.711 *** 49.848 1.576–
1.705

Type �0.008 *** �4.405 �0.012– 
�0.005

�0.060 *** �4.203 �0.012– 
�0.004

R 2 0.518 0.516 
F 321.418 *** 318.574 ***

Note(s): *p < 0.05, **p < 0.01, ***p < 0.001 
Source(s): Authors’ own work
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In Model 5 (see Table 6), we also tested the interaction effect between text sentiment and 
visual sentiment on UOEB using Equation (7).

UOEB ¼ β 14 þ β 15 Text sentiment þ β 16 Visual sentiment

þ β 17 ðText sentiment3Visual sentimentÞ þ δ 7 Text length þ δ 8 Chat number

þ 
X 24

i¼1
γ i Type i þ ε 5 (7)

The independent effect of visual sentiment on UOEB was significantly negative 
(β 16 5 �1.008, p < 0.05). However, the interaction term between text sentiment and visual 
sentiment was significant and positive (β 17 5 �0.035, p < 0.05). This indicates that the 
combination of images with lower positive emotional levels and text with positive sentiment 
enhances user online engagement behavior, supporting H4.

5. Conclusion
5.1 Discussion
This study integrates DCT and the ELM to examine how text information, visual complexity, 
text sentiment, and visual sentiment collectively shape UOEB. The findings yield several 
novel insights. First, text information volume exhibits a nonlinear, inverted U-shaped 
relationship with engagement, moderate levels optimize cognitive processing and enhance 
engagement, while both insufficient and excessive information reduce user responsiveness. 
This advances prior research by identifying a specific informational threshold that maximizes 
engagement, offering clear guidance for multimodal content design. Second, visual 
complexity significantly affects cognitive fluency. Simpler images facilitate information 
integration and engagement, whereas high complexity imposes cognitive strain and disrupts 
user attention (Schneider et al., 2022). This highlights the value of minimalist visual design in

Figure 7. The moderating effect of visual complex on Content Information and User online engagement 
behavior. Source: Authors own work
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enhancing user experience within multimodal environments. Third, contrary to conventional 
assumptions, text sentiment alone does not significantly influence engagement. In AI-
mediated interactions, users prioritize instrumental value over emotional resonance, consistent 
with the dominance of the central processing route in ELM. Emotional cues appear to operate 
more effectively through the peripheral route, with rational heuristics outweighing affective 
ones in shaping user responses to AI agents. Most notably, the study uncovers a cross-modal 
interaction between visual and textual emotion: when visual emotional intensity is low, textual 
emotion becomes more immersive and persuasive; conversely, high visual emotionality 
suppresses engagement (Mishra et al., 2024). This supports emerging evidence that excessive 
emotional stimuli can impair cognitive processing. Drawing on this insight, we propose the 
concept of an “emotional vacuum”—a strategically restrained affective environment that 
enhances the impact of textual emotion—as a design principle for AI interfaces. Together, 
these findings deepen theoretical understanding and offer actionable strategies for affective 
computing and interactive marketing.

5.2 Theoretical contributions
This study introduces a dual-channel framework that unites DCT and the ELM. Moving 
beyond the ELM’s usual focus on text, we link visual and semantic encoding to trace how 
informational cues (central route) and emotional cues (peripheral route) jointly shape 
engagement with AI agents in multimodal settings. This synthesis enlarges ELM’s 
explanatory reach and clarifies the cognitive-affective processes driving multimedia 
persuasion, showing that engagement follows an inverted-U pattern rather than the linear 
rise often assumed (Al-Youzbaky et al., 2022). We also uncover a hierarchy in emotional 
transmission. Users still rely mainly on textual information when selecting an AI agent, yet 
low-arousal images—such as neutral faces—create an “emotional vacuum” that redirects 
attention to the text-image blend. Text sentiment alone does not boost engagement, but image 
sentiment moderates its effect: pairing subdued visuals with positive text markedly lifts 
engagement, demonstrating that restrained imagery balances cognition and affect. 
Methodologically, we move past single-modal analyses — typically LDA topic modeling 
or manual coding (Huang et al., 2022) by combining STM, VADER sentiment scores, image-
entropy metrics, and a ResNet-50 classifier. This multimodal pipeline isolates textual and 
visual complexity and sentiment, then quantifies their separate and joint effects on 
engagement, offering a fuller picture of decision-making in AI-mediated environments 
(Wang, 2023).

5.3 Managerial implications
Based on the findings of this study, enterprises developing AI agents for virtual-character 
systems should focus first on controlling textual information volume and calibrating the 
emotional tone of accompanying images. Engagement peaks at a moderate text load; once 
content becomes dense, users are distracted and participation falls. Streamline copy to the 
essentials—especially in interactive marketing and automated customer service—so that users 
can absorb key points without cognitive strain. Emotional cues matter less than informational 
utility. When choosing an AI agent, users care chiefly about whether the text helps them solve a 
problem. Heavy emotional appeals can feel gratuitous, so clarity should trump sentiment. 
Likewise, elaborate imagery offers little benefit and may pull attention away from the task; 
restrained visuals that match the text’s valence foster coherence and mild emotional resonance. 
Because AI systems now permeate high-stress environments, designers must weigh 
psychological impact. Information overload or intense emotional stimulation can aggravate 
mental fatigue. A balanced presentation that respects users’ cognitive limits is therefore 
critical. Finally, transparency builds trust: companies should disclose how agents are designed 
and what they can do, aligning product development with emerging ethical and regulatory 
standards.
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5.4 Limitations
This study has limitations in three key areas, data generalizability, user behavior conversion, 
and complexity assessment dimensions, which require further exploration in future research. 
First, the homogeneity of data sources may limit the cross-context applicability of the findings. 
AI interactions in entertainment-oriented platforms differ from those in more serious contexts, 
which may affect the generalizability of conclusions. Future research could combine 
experimental designs, field studies, and secondary data, as high-quality research often 
involves diverse data sources (Wang, 2025a), in order to offer new insights through telling an 
engaging and coherent story that deepens understanding (Wang, 2025b). Second, the study does 
not address whether engagement behaviors translate into commercial value (Aljarah et al., 
2024). Future work should investigate conversion rates (e.g. clicks to purchases) and their 
impact on profitability to inform marketing strategies. Third, the binary sentiment classification 
method used here oversimplifies emotional dimensions, missing complexities such as intensity 
and irony. Future studies could use deep learning techniques to refine sentiment analysis and 
examine how user heterogeneity moderates emotional impacts on engagement.

Supplementary material
The supplementary material for this article can be found online.
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