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SUMMARY: This paper constructs a unified computing framework driven by emotional
interaction, focusing on user behavior modeling and persuasive design optimization of digital
platforms in real-time interaction scenarios. Based on clickstream, dwell time, scroll
trajectory, touch pressure, facial cues and text feedback, a multimodal data set consisting of
4320 users and 18,600 interaction sessions is established. The model describes emotional
fluctuations and behavior changes through time convolution, cross-modal alignment, state
aggregation and transition estimation, and discriminates four types of states: participation,
hesitation, resistance and acceptance. On this basis, the adaptive intervention module
dynamically adjusted the information expression, interface density, feedback timing and
recommendation strength by combining the state results. The experimental results show that
the state recognition accuracy of the proposed framework reaches 93.1%, and the
intervention matching accuracy reaches 90.4%, so that the compliance interaction rate is
increased by 14.8%, and the average response delay is controlled within 86 ms. The results
show that the framework can maintain stable state understanding, policy generation and
front-end execution capabilities in continuous interaction scenarios, and has practical
application capabilities.
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1 Introduction

With the continuous evolution of affective computing, recommendation algorithms and
human-computer interaction technology, digital platforms have changed from information
display and functional service carriers to computing environments that can perceive user
status, understand behavioral changes, and dynamically adjust interactive content. The clicks,
pauses, swips, comments, voice and visual feedback in the platform continuously form a
high-density behavior stream, which provides a computable data basis for user state
recognition, interface response control and persuasive intervention generation. Ameen et al.
studied personalized interaction and loyalty relationship in intelligent technology scenarios,
and pointed out that individuals form a stable behavior judgment structure between
convenience perception and privacy trade-off [1]. Sun et al. studied the continuous usage
intention of artificial intelligence personal assistant after service failure, and proposed that the
change of service experience will directly affect users 'subsequent interaction decisions [2].

In digital platforms for content distribution, service guidance and interface response,
affective interactive computing is becoming an important intermediate layer connecting user
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perception and system decision. Instead of only counting explicit click results, the platform
starts to use temporal coding, state recognition and context fusion to identify fine-grained user
states such as hesitation, resistance, acceptance and compliance. Ma et al. studied the negative
response of users to the recommendation algorithm in the short video platform, and gave an
explanation framework based on the press-strain-result link, indicating that there is a
significant coupling relationship between the platform stimulus mode and the behavior
feedback [3]. Benke et al. studied the difference of control level in emotion-aware chatbots,
and proposed that the configuration of sense of control would affect the user's acceptance of
the system interaction process [4].

With the popularity of mobile terminals, intelligent customer service and recommendation
interfaces, the expression of emotional states is no longer limited to a single explicit feedback,
but manifests as a continuous time trajectory and cross-modal response sequence. Tag et al.
studied emotional trajectory recognition in smartphone usage scenarios and proposed that
emotional changes should be grasping from the dynamic adjustment process in the real
environment [5]. Jin et al. studied the friendly language mechanism in the recommendation
chatbot and proposed that the language style would change the user's psychological feelings
and subsequent selection tendencies [6]. Kim et al. studied the intervention mode of chatbots
in behavior guidance scenarios, and proposed that computerized interaction can form a
directional persuasion effect [7]. Marcolin et al. studied persuasive technology and social
interaction in professional environment, and proposed that the embedded intervention
structure can reshape the user participation path [8].

At the same time, persuasive design in digital platforms has gradually shifted from
experience-driven interface debugging to an adaptive generation mechanism based on state
estimation and feedback learning. The relationship among transparency, trust and willingness
to accept provides a clearer calculation basis for the control of platform intervention intensity,
the design of feedback rhythm and the adjustment of recommended content. Wanner et al.
studied the influence of transparency and trust on the acceptance of intelligent systems, and
proposed that interpretable presentation can enhance users' understanding of system
decision-making process [9]. Choung et al. studied the relationship between Al trust and
technology acceptance, and pointed out that trusted cognition has become the core variable in
the deployment of intelligent interactive systems [10].

As shown in Fig. 1, the digital platform driven by emotional interaction is not a single
interface response process, but a closed-loop computing link composed of data collection,
emotion encoding, state inference, intervention decision and feedback update. The front-end
continuously receives multi-source interactive signals such as click, pause, scroll, touch, text
and expression, and completes time alignment, noise filtering and sequence segmentation. In
the middle layer, the heterogeneous input is mapped into a unified emotional representation,
and the user's current participation, hesitation, resistance or acceptance state is calculated by
combining the behavior history and context information. The decision layer generates
intervention actions according to state probability, adaptive threshold and policy constraints,
and adjusts the information expression mode, interface density, feedback timing and
recommendation strength. The end writes the interaction result, state offset and intervention
effect back to the model for the next round of parameter update and policy correction. This
structure enables the platform to maintain a stable correspondence between state recognition,
behavioral response, and persuasive output during continuous interactions.
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Figure 1: Closed-loop structure of user behavior computation and persuasive intervention on
digital platform driven by emotional interaction

This thesis focuses on emotional interaction modeling and persuasive design optimization
in digital platforms. The research content focuses on four aspects: multimodal emotional
feature representation, user behavior state calculation, interface response discrimination and
adaptive intervention generation, and tries to organize behavior understanding, strategy output
and interaction feedback into a continuous closed loop under a unified computing framework.
To establish a clear and complete technical support for subsequent experimental evaluation,
system deployment and online verification.

2 Related Research

2.1 Research on Affective Interaction Computing in Digital Platform

Emotional interaction computing in digital platforms has been extended from single emotion
recognition to the state representation and response control mechanism for continuous
interaction processes. The core of emotional interaction is no longer limited to the extraction
of surface emotion labels, but to the joint modeling of the coupling relationship between user
cognitive fluctuations, trust formation, behavior transfer and interface feedback. The
development of this direction is closely related to the iteration of conversation system,
recommendation engine, online service interface and real-time behavior collection technology,
so that the platform can form more fine-grained perception and adjustment capabilities in
multiple rounds of interaction.

Bach et al. studied user trust in artificial intelligence systems and proposed that trust is not
an isolated psychological variable, but a human-computer collaborative structure that runs
through the whole process of perception, judgment and interactive execution [\gﬂ. Ruan and
Mezei studied the artificial intelligence chatbot in the online shopping assistance scene, and
proposed that under different product attributes, the system response mode will change the
user satisfaction evaluation and service acceptance path [12]. Janson studied the
anthropomorphic mechanism in service interfaces, and proposed that the cooperative
relationship between communication style and personalized presentation would affect users'
(Emcﬁtional attribution to interactive objects and their willingness to participate continuously
13].

Alagarsamy and Mehrolia studied the antecedences and behavioral consequences of trust
in chatbots, and proposed that there is a computable conduction link between trust perception,
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interface expression and usage results [14]. Park et al. studied the role of anthropomorphic
chatbots in counseling scenarios, and proposed that social harmony and social anxiety would
jointly regulate user satisfaction and reuse tendency [15]. Ltifi studied the characteristics of
semi-interpersonal relationship in chatbots, and proposed that users would form cognitive
projections close to social relationships in continuous interaction, which would further affect
compliance behavior, feedback intensity and acceptance rhythm in the platform [16].

At the technical implementation level, emotional interaction computing usually relies on
text semantic coding, speech prosody analysis, facial representation extraction, touch
behavior statistics and temporal context modeling. The cross-modal alignment mechanism is
used to unify the heterogeneous signal scale, and the state update unit is used to capture the
short-term offset between emotion and behavior. The feedback mapping module converts the
recognition results into the basis of interface presentation, recommendation ranking and
prompt strategy adjustment. Therefore, the significance of this direction in computer research
is not only reflected in the improvement of recognition accuracy, but also reflected in the
platform's ability to complete more stable interaction arrangement and intervention control
according to the change of emotional state. These studies show that affective interaction
computing has advanced from recognizing user emotion itself to modeling interaction signals,
state changes and response effects, and provides a clear computational foundation for
behavior discrimination, persuasive intervention and adaptive design in digital platforms.

2.2 Research on user behavior modeling and persuasive design

The research on user behavior modeling and persuasive design has shifted from static
profiling and rule-triggering to collaborative mechanisms for state perception, intention
inference, and intervention generation for continuous interaction processes. The clicks, pauses,
swipes, replies, and jumps in the digital platform are no longer regarded as isolated logs, but
organized as time-series signals that can be used to predict acceptance tendency, interface
compliance, and feedback sensitivity. Carera-rivera et al. studied the development framework
of adaptive user interface, and proposed that linkage mapping should be established between
interface elements, context variables and interaction goals to support dynamic adjustment in
the platform [17]. Farshidi et al. studied user intention modeling in conversational
recommender systems, and proposed that intention recognition should be jointly processed
with historical behaviors, conversational context and recommendation feedback, so as to
enhance the continuity of policy output [18].

As shown in Fig. 2, the user behavior modeling and persuasive design in the digital
platform is not a simple "recommendation after recognition” process, but a continuous
computing link composed of behavior collection, feature coding, intention recognition, state
calculation, policy output and feedback writeback. The front-end of the platform firstly
records the click, stay, swipe, reply and jump out behaviors, and combines the session context
to complete the temporal characteristics. Then, the middle layer identified the user's current
intention through the coding results, and further estimated the state distribution of acceptance,
hesitation and resistance. The decision layer generates intervention actions according to state
probability, historical response and interface constraints, and adjusts the information
expression, recommendation intensity and interaction rhythm. At the end, the behavior change
and adoption results are written back to the model for subsequent policy modification. The
link illustrates that persuasive design in digitization platforms already behaves as updatable,
computable, and verifiable dynamic decision processes.



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

User Interaction ‘
Tracking

Intent Recognition & State Estimation Feedback Loop

Intent Detection ‘

| H .
@ Clicks ‘ ‘ Feature Encoding Strategy Formulation ™, Behavior
1 3 AN \ Update
0101010101101 Q) o | o
X 0010010011001 } ° o m [} I
g Time Spent 0101011100111 o — > Outcome
‘ Learning
: | | Intervention Actions
D Scrolls & Swipes | Behavior Modeling State Assessment » #
| =
4 B B
- ‘ ! 9 Acceptance . 1
E Hesitation Message Recommend- Interaction
¢ Adjustment  ation Tuning | | Model Refinement
Session Context & Resistance
Sequence Analysis S =
I » User Intent & State Distribution
P Response & Outcome Data l

i

Figure 2: User behavior modeling and persuasive design computing link in the digitization
platform

Ribeiro et al. studied the personalization method of self-expression virtual image based on
context awareness, and proposed that platform identity expression is not an auxiliary display
layer, but an important regulatory variable that affects user engagement and feedback
willingness [19]. Ning et al. studied the transparency mechanism in the use of algorithm
suggestions, and proposed that trust belief plays an intermediary role between explanatory
presentation and suggestion adoption, which makes the display method of persuasive
information into the computable range [@\]. Engstrom et al. studied the usage modeling of
online recommender systems and proposed that the recommendation usage behavior should
be jointly described from three stages: comparison, selection and return visit, so as to improve
the completeness of behavior interpretation [21]. He et al. studied the influence of
recommendation system on user satisfaction and proposed that there is a stable regulation link
Eet\EIveen recommendation matching degree, perceived relevance and interactive experience
22].

In order to more clearly illustrate the focus of current research in user behavior modeling
and persuasive design, Table 1 collates the relevant literature from four dimensions: research
object, computational object, method path and main conclusion.

Table 1: Summary of research related to user behavior modeling and persuasive design

Author Research Focus Computational Object Tecp/lneotlhoogdy or Main Conclusion
Carrera-Rivera Adaptive AdaptUl Supports dynamic
etal. [17] interface Interface elements and context framework interface adjustment
- : : Intent recognition
Farshidi et al. : Conversational behavior and : Enhances strategy
[18] Intent modeling recommendation feedback and (;gg\églrisr?gonal continuity
Ribeiro et al. Personalized | Virtual avatars and contextual | Context-aware |Strengthens engagement
[19] expression variables personalization and feedback
. - Influences
: T Transparent | Recommendation information|  Transparency :
Ning et al. [20] recommendation and trust beliefs modeling recommendation
adoption
Engstran et al. |Recommendation| Comparison, selection, and Usage-stage c;mglrgt\éisegzeof
[21] usage modeling revisit behavior modeling behavioral interpretation
He et al. [22] Satisfaction Recommendation matching Moderated Forms a stable
L= evaluation and experience perception | mediation analysis satisfaction chain
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It can be seen that existing research has gradually integrated adaptive interface, intention
modeling, identity expression, transparent recommendation, usage behavior analysis and
satisfaction evaluation into the same technical link, but the direction of higher value does not
lie in the local improvement of the accuracy of individual modules, but in the organization of
emotional interaction, behavior calculation and persuasion intervention into a unified closed
loop. At the computer implementation level, this closed loop usually relies on multi-modal
feature coding, temporal state updating, policy constraint learning and online feedback
correction, so that the platform can adjust the interface presentation, information wording,
feedback timing and recommendation strength according to the user's current state, and
continuously update parameter boundaries in subsequent interactions. Thus, the research on
user behavior modeling and persuasive design has been advanced from empirical interface
configuration to data-driven dynamic decision-making process, and provides a direct
foundation for the subsequent emotional interaction modeling and adaptive intervention
generation in this paper. The platform deployment path is also more engineering verifiable.

3 Computational modeling of user behavior driven by
emotional interaction

3.1 Multimodal emotional feature representation of digital platform

Emotional features in digital platforms do not come from a single modality, but are composed
of behavior sequence, text semantics, touch rhythm, visual expression and conversational
context. In order to support the subsequent state calculation and persuasion intervention, the
platform needs to convert the heterogeneous interaction signals into the same scale, aligned
and updatable representation vectors. Different from static portraits, the feature representation
here emphasizes temporal continuity and response sensitivity, so the modeling process should
not only preserve local fluctuations, but also capture the emotional accumulation in
cross-wheel interactions.

On the behavioral side, click, pause and scroll operations are first exposed, and these three
behavioral signals can directly reflect the attention allocation and interaction depth. In order
to describe the degree of interaction activity within the window, this paper defines the
behavior strength index, which is calculated as shown in Equation (1).

N
d 1Y
=aln(l+c)+p +YN— E |Vt,j| @
t4
j=1

1+d,

Here, I, represents the behavior intensity in the t time window; c; represents the
number of clicks. d; is the length of stay. v; denotes the velocity of the j scroll segment

within the window; N, represents the number of scroll fragments; o, (B, y denote the
contribution weights of different operations. This formula compresses decentralized logs into
a unified representation of activity, which can be used to identify high-engagement browsing
and low-engagement saccades.

It is still difficult to describe the subtle changes of users in the stages of hesitation,
acceptance or resistance by only explicit logs, so touch dynamics is introduced into the
emotion representation process. Contact duration, pressure fluctuation, and trajectory
curvature usually maintain corresponding relationships with tension, caution, and operational
certainty, and their encoded forms are shown in Equation (2).
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Here, T, represents the dynamic representation of the touch mode at time t. py
represents the k touch pressure; Let T, denote the duration; x, represents the curvature of
the trajectory; K is the total number of touch events in the window. Let &, to &, denote the
parameter coefficients; Var(-) represents the pressure series variance. This formula organizes
contact differences into statistical representations to improve the ability to distinguish
between hesitant operations and quick confirmation behaviors.

Text feedback is a key modality in the emotional interaction of the platform. Comment
content, input length, emotional word distribution, and negation structure not only carry
subjective attitudes, but also reflect how users accept platform prompts. In order to extract the
emotional semantics in the text, this paper adopts the context-gated coding, whose expression
Is shown in Equation (3).

Zi10@OQi

where, E; represents text sentiment vector; q; represents the context representation of the i
lemma; r; is the response coefficient of emotional words; L denotes the total number of
tokens; Let o(-) denote the gating function. This formula is used to highlight semantic
components with attitude pointing and suppress the dilution of sentiment representation by
invalid descriptions.

On the visual side, subtle facial expressions can supplement cues not directly given by
text and behavior logs. Eyebrow retraction, eyelid opening and mouth Angle displacement are
often synchronized with anticipation, hesitation and rejection. To this end, the visual emotion
amplitude feature is constructed in this paper, and its form is shown in Equation (4).

E; = (3)

Fe = mqlluellz + nzllme|lz + nslnel, (4)

where, F, represents visual emotion amplitude; u,, m, and n, represent the deformation
vectors of the eyebrow, eye and mouth key regions, respectively. || - ||, denotes the
two-norm; n,, m,, and n; denote the region weights. This equation maps local expression
changes into a unified visual emotion quantity, which enhances the consistency of
cross-modal state estimation.

Since the intensity of emotion reflection by different modalities is not constant, direct
stitching is easy to amplify the interference of noise modalities, so it is necessary to establish
a cross-modal alignment mechanism. In this paper, similarity constraints are used to calculate
the weights between behavior, text and visual modalities, which are expressed as in Equation

(5).

B exp(u-cos(zbzﬂ)
Lmai €Xp(H - €0S(Zj, Zm))

ajj (5)
Here, a;; represents the alignment weight between modality i and modality j. z; and z;

denote the two types of modal features; cos(-,-) is the cosine similarity; Let p denote the
scaling factor. This formula is used to measure the degree of consistency between modalities,
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so that the subsequent fusion process can dynamically allocate the proportion of information
according to the correlation.

Once the alignment relationship is obtained, the platform needs to compress the
multi-source features into a unified representation that can be invoked by the state
discriminator. Considering that the modal quality will fluctuate with the scene, this paper
introduces a fusion expression of the reliability constraint, which is calculated as shown in
Equation (6).

b
He = p (0B, + 0 Ec + 0 Q) (6)

Here, H; represents the fused sentiment representation at time t. w§b>, wEC), wEV)

denote the reliability coefficients of behavioral, textual and visual modalities, respectively. By,
E. and Q. denote the corresponding mode vectors, respectively. Let p(-) denote the
nonlinear mapping function. This formula can keep the representation stable in the modal
imbalance scenario and avoid a single high-noise input dominating the result.

In order to retain the inertia in the interaction, the representation also needs to be updated
with the historical state. Based on this feature, this paper constructs a context-constrained
sentiment update formula, as shown in Equation (7).

S =AOH+ (1 —-2) OSi—1, A= o(Mg[Hg; Se—q] + bg) (7)

where S, represents the state vector; S,_; denotes the state at the previous time. Let A,
denote the update gate value of the window; (© for element-wise multiplication; Mg
represents the state mapping matrix; bg represents the bias term; [H; S;_;] denotes the
concatenation of vectors. The formula is used to balance the immediate response and
historical inertia, so that the multimodal features can not only reflect the stimulus effect, but
also maintain the continuity of the behavior trajectory, and provide the feature basis for the
subsequent behavior state calculation and intervention generation, and enhance the
performance of online scene adaptation.

In conclusion, multi-modal emotional feature representation is not a simple concatenation
of behavior, text, vision and touch information, but a computational process of differentiated
coding, correlation constraints and state compression under a unified time scale. After this
process, the emotional cues in the digital platform are transformed into continuous,
comparable and updatable representation results, which not only retain the subtle fluctuations
in the user's immediate interaction, but also maintain the state continuation in the cross-round
session, which establishes a stable input basis for the subsequent behavior state calculation,
response discrimination and persuasive intervention generation.

3.2 User behavior state calculation and response Discrimination based on
emotional interaction

After obtaining the multi-modal emotion representation, the task of user action state
calculation is transformed into: according to the emotion vector formed in the continuous
interaction, the behavior intensity and the conversation context, the four types of participation,
hesitation, resistance and acceptance are jointly determined, and the response results are
output for the persuasion module to call directly. The states in a digital platform are not static
labels, but dynamic variables shaped by immediate stimuli, historical inertia and interface
feedback. Therefore, the computation process needs to preserve both local fluctuations and
cross-wheel continuation.
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In order to reflect the synergistic effect of emotion, behavior and context in continuous
interaction, this paper constructs the time decay state aggregation representation, which is
calculated as shown in Equation (8).

K-1

S = ) ooy (Mo © () + UG,

k=0

exp(q"Hy_x — 8Kk)

A p— (8)
T YKL exp(qTHy_py — 6m)

where S, represents the user behavior state vector at time t; H,_, denotes the multimodal
sentiment representation of the t — k time window; I,_, denotes the behavior strength in the
corresponding window; Let y(-) denote the mapping function that scales the behavior
strength; © for element-wise multiplication; C; represents the current session context
vector. U represents the context mapping matrix; Let o._, denote the contribution weight of
the history window to the current state.q denotes the state query vector; Let & denote the
time decay coefficient; K represents the number of history Windows participating in the
aggregation. The key role of this formula is to simultaneously preserve the historical
accumulation of emotion representation, the modulation effect of behavior intensity and the
real-time influence of context conditions in the state calculation stage, so that the output
results are more suitable for the subsequent state transition estimation and response
discrimination.

After the state vector is formed, the platform also needs to determine the direction of the
user's change between adjacent time slices. To describe this progressive relationship, the state
transition probability is introduced in this paper, which is calculated as shown in Equation (9).

exp(u]"S; + viA,)

P =
?nzl exp(up, St + VimAp)

t

%)

where Ptiﬁ" denotes the probability that state i transitions to state j at time t. u; represents
the object state projection vector; vy; is the transfer coefficient; A, represents the sentiment

offset of the current window with respect to the previous window. The equation takes instant
state and transition inertia into account simultaneously, so that the model can distinguish
different paths such as short-term hesitation, persistent resistance and stable acceptance.

As shown in Fig. 3, the response discrimination process consists of four parts: state input,
transition estimation, response scoring, and output mapping. The front-end receives the
emotional representation and behavior statistics, the middle layer completes the joint state
coding and transition probability calculation, and the back-end generates four types of
discriminative labels according to the scoring results and sends the results to the subsequent
intervention module. In this way, the raw interaction log can be transformed into a compact
representation of the state that can be directly used by the policy layer.
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Figure 3: Process of user behavior state calculation and response discrimination based on
emotional interaction

After obtaining the transition probabilities, the platform also needs to provide
interpretable response scores to determine whether the current interaction is more suitable for
maintenance, weak guidance, or intensive intervention. Therefore, the comprehensive
response score is defined in this paper, and its form is shown in Equation (10).

4

Ry = w8 + wya; — war + w4z K; PH] (10)
j=1

where R, represents the response score; g, stands for participation gain; a, indicates the
strength of acceptance tendency; r; is resistance strength; w; to w, represent the weight
parameters; Let x; denote the contribution factor for different target states. This equation
combines the local interaction benefit with the overall state evolution trend to measure
whether the current interface stimulus is consistent with the user's emotional direction.

In order to enhance the discriminator's ability to recognize boundary samples, the joint
objective of state classification loss and transition constraint loss is adopted in the training
phase, which is expressed as Equation (11).

4 4 2
=M <_ Z Vi log yt,c) + A, z(PtH] - ’P'tl_)]) (11)
c=1 j=1

Here L represents the total loss; y;. denotes the true label; §. denotes the predicted

label probability; P,~’ denotes the reference transition probability obtained from the real
sequence statistics; A; and A,denote the balance coefficients of the two losses. This formula
not only ensures the accuracy of state classification, but also constrains the model to learn the
transition structure that conforms to the real interaction law.

In the deployment phase, the platform does not directly adjust the interface according to
the single classification result, but integrates the response score and state probability to
complete the decision. The adaptive response function is shown in Equation (12).

10
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Here, D, represents the response discrimination result output by the platform at time t.
The values 6y, 6, and 6, represent the high, medium and low response thresholds,
respectively. t,, T., T, denote the state thresholds of acceptance, participation, and
resistance. This formula combines score discrimination with probability discrimination to
avoid errors caused by single threshold.

Through the above computational links, the user behavior state is no longer a simple
annotation of a single action, but a continuous representation of the joint effect of emotional
fluctuations, behavior trajectories and contextual stimuli. The discrimination results based on
this state representation can not only reflect the user's current acceptance tendency, but also
describe the fluctuation range in the state evolution process, so as to provide a direct basis for
the adjustment of information wording, the control of feedback timing and the modification of
recommendation strength in the subsequent persuasive design. At the same time, this state
representation also establishes a unified discrimination benchmark for delay control, policy
evaluation and cross-scenario migration in subsequent experiments, which makes the model
output easier to verify in the process of engineering deployment, and can maintain good
real-time response ability and output stability in high-frequency interaction scenarios.

4 Persuasive design optimization and adaptive intervention
generation

The goal of persuasive design optimization and adaptive intervention generation is not simply
to improve clicks or pauses, but to output more appropriate prompts, information density and
feedback rhythm on the basis of respecting the user's current emotional state and interaction
intention, so that platform interventions remain acceptable, interpretable and sustainable. The
intervention objects in the digital platform are obviously dynamic, and the same user may
show different reactions such as acceptance, waiting-see, hesitation or rejection in different
time Windows. Therefore, the persuasion strategy cannot rely on fixed rules, but needs to rely
on state estimation results, historical feedback records and interface context to complete
online generation. To this end, based on the above state calculation results, we construct a
joint decision-making mechanism for interface content, recommendation strength, feedback
timing and interaction form, so that the intervention process is transformed from static
configuration to a constrained policy search process.

As shown in Fig. 4, persuasive design optimization with adaptive intervention generation
consists of six parts: state input, candidate action coding, utility evaluation, constraint
screening, interface execution, and online update. The state input layer receives user behavior
state vector, sentiment trend quantity and context label. The candidate action encoding layer
discretizes different wording styles, content ordering, saliency strength and trigger timing.
The utility evaluation layer calculates the comprehensive contribution of each action to
acceptance probability, interaction coherence and trust maintenance. The constraint screening
layer further eliminates actions that exceed the intervention threshold or do not match the
current state. The interface execution layer is responsible for mapping actions to design
changes that are visible to the front end. The online update layer modifies the policy

11
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parameters according to the user's subsequent response. The whole link ensures that the
persuasion design is not only oriented to real-time response, but also has the ability of
writeback learning.
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Figure 4: Persuasive design optimization with adaptive intervention generation process
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In order to make different intervention actions enter the unified computing space, this
paper first defines the candidate action vector, whose expression is shown in Equation (13).

A¢ = {(My[eg L e gl + ba) (13)

Here, A, denotes the candidate intervention encoding at time t; e represents the
information expression mode 1, represents the interface layout strength; q. represents the
feedback timing parameter. g, indicates the granularity of recommendation rendering. M,
and b, denote the action mapping matrix and the bias term, respectively. Let ¢(-) denote the
nonlinear projection function. The function of this formula is to compress the originally
scattered design variables into comparable action representations, so that the subsequent
policy network can evaluate different alternatives on a unified scale.

After the action encoding is completed, the platform needs to generate the action selection
probability based on the current state. Different from conventional recommendation, the
persuasion strategy emphasizes more on state adaptation, so this paper adopts the strategy
distribution with temperature control, whose expression is shown in Equation (14).

exp(h(a, Sp)/1)
Yareaexp(h(@’, S)/1)

where m(a | S;) is the probability of choosing action a in state S;; h(a,S;) is the matching
score between action and state; Let t denote the temperature parameter; A denotes the set
of candidate actions. When the temperature is high, the system retains more exploration.
When the temperature value is low, the system prefers the alternative with higher current
utility. This equation enables the intervention output to maintain a balance between stable
utilization and local exploration, so as to avoid the interface staying in a single path for a long
time.

Based on action probability alone is still not enough to support design optimization,
because the persuasion behavior in the platform not only pursues acceptance rate, but also
needs to take into account interaction coherence and cognitive burden. Based on this
consideration, this paper constructs the comprehensive intervention utility function, which is
calculated as shown in Equation (15).

n(alSy) = (14)

Ui(a) = xapt“® + X24n¢ + xzbe — X40¢ (15)
where U.(a) represents the comprehensive utility of action a at time t; x,p°¢ represents
12
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the acceptance probability prediction after the action is triggered. An, represents the change
of interface novelty; b, represents the behavioral continuity score; o, stands for cognitive
load estimation; x; to x, represent each contribution coefficient. This formula takes
acceptance benefit, interface change range, continuous operation experience and burden
control into the measurement together, so that the persuasion output is no longer limited to
local click benefit.

Persuasive design in digital platforms also needs to control the user's consumption of trust
in the system. If the frequency of prompts is too high, the wording is too strong, or the
cadence of recommendations is too intense, it may increase the amount of interaction in the
short term, but it will weaken the subsequent compliance. In order to explicitly incorporate
this influence into the optimization objective, this paper further introduces the trust regulation
reward, whose form is shown in Equation (16).

Ry =vi(1 = |ye = §¢l) + v Ty — vafy (16)

Here, R; represents the immediate reward at time t; y, represents actual adherence
feedback. ¥, represents the system prediction response; T, represents trust level estimation;
f, represents the intervention frequency; v, to v; denote the conditioning weights. The
formula defines the reward direction through consistency gain, trust maintenance and
frequency penalty, so that the system can improve the response effect while maintaining the
stability of the interaction relationship.

In order to make the current action selection take into account the subsequent impact, the
platform needs to estimate the return in a longer time range. Therefore, this paper adopts the
discounted cumulative return as the policy learning objective, which is expressed in Equation
(17).

K-1
G, = Z Yk Risk (17)
k=0

Here, G; represents the long-term return from time t; Let y denote the discount factor;
Ry represents the immediate reward at step k in the future; K denotes the cumulative
number of steps. This equation allows the system to consider future state changes while
generating the current intervention, without sacrificing the quality of subsequent experience
for immediate acceptance.

Considering the boundaries of interface readability, access frequency and content security
in digital platforms, the final action can not be directly determined by utility maximization,
but should be completed under constraints. Therefore, the constrained optimization form is
established in this paper, as shown in Equation (18).

a; = argrrlezil}l<Ut (@ st cp@S)<eg,m=1,.,M (18)
a

Here, ai denotes the optimal intervention action; U.(a) represents the action utility;
cm(a, S;) denotes the m constraint function; €, denotes the corresponding threshold; Let
M denote the number of constraints. This formula ensures that the policy network will not
break through the interface complexity, cue density and emotional matching range when
pursuing utility improvement, so as to enhance the controllability in engineering deployment.

In the interface execution phase, actions need to be converted into visible design
adjustments. In view of the linkage relationship between information salience and layout
density, this paper defines adaptive intervention intensity, which is calculated as shown in
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Equation (19).
m; = 0(Wp[zg; e de] + b)) (19)

where m, represents the intervention intensity actually performed by the front-end; z,
represents the state sensitivity; r; represents the current response score. d; represents the
page information density; Let w, and b,denote the mapping parameters; Let o(-) denote
the compression function. This formula converts the results of the abstract policy into
intensity values that can be directly invoked by the interface layer to control the prominence
of the prompt, the size of the recommendation card, and the frequency of the feedback
component.

In order to make the strategy evolve continuously with user feedback, this paper
introduces a parameter correction method based on dominance term in the online update link,
and its form is shown in Equation (20).

ek+1 — @k 4+ nVe logm (a; | S;) Adv, — XCV@Q(@)k) (20)

Here, ©X*1 denotes the policy parameters in round k+ 1; ©X denotes the current
parameter; Let n denote the update step size; Let Vglogm(a; | S;) denote the policy
gradient; Adv, represents the advantage function; Let A. denote the constraint penalty
coefficient; Let Q(OX) denote the parametric regularization term. This formula enables the
system to modify the action preference according to the real feedback, while suppressing the
policy oscillation caused by too large update.

Through the above design, persuasive design optimization and adaptive intervention
generation are organized as a continuous computational process composed of state input,
action screening, constraint control and online update. The process can output differentiated
intervention results according to user emotional state, behavior trend and interface context,
and continuously revise strategy parameters in subsequent feedback. Therefore, the interface
adjustment in the digital platform no longer stays at the static configuration level, but forms a
dynamic generation mechanism with real-time response ability, interpretability and
engineering verifiability, which provides a unified basis for subsequent experimental
evaluation and deployment analysis.

5 Experimental Evaluation

5.1 Experimental Design

The experiments of this paper aim to verify the state recognition ability, intervention matching
ability, response efficiency and cross-scenario stability of the user behavior computing
framework driven by emotional interaction in the digital platform, so that the evaluation
results can correspond to three levels of model discrimination, strategy generation and
front-end execution at the same time. The experimental data comes from anonymized
interaction records of content platforms, service platforms and transaction platforms. After
unified desensitization, time alignment and structured arrangement, a multi-modal data set
consisting of 4320 users and 18600 interaction sessions is constructed. Clickstream, dwell
duration, scroll trajectory, touch pressure, facial cues, and text feedback are preserved for each
session and segmented into continuous segments according to a fixed time window for
subsequent emotion representation, state calculation, and intervention generation.

In order to ensure that there is no user information leakage between training and testing,
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all samples are divided into training set, validation set and test set according to the principle
of user independent division, and the ratio is set to 7:1.5:1.5. The experiment took
participation, hesitation, resistance and acceptance as the labeling targets, and the labels were
initially screened by the platform behavior rules and then corrected by manual review. In the
intervention task, the adjustment results such as information expression style, cue frequency,
recommendation strength and interface density were recorded synchronously, which were
used to establish the correspondence between action output and feedback results. In the
training phase, random noise perturbation, timing truncation and mode missing simulation are
added to test the adaptability of the model under complex input conditions.

The experimental environment is deployed on the Python and PyTorch platforms, and the
server is configured with Intel Xeon Gold processor, 128 GB memory and NVIDIA A100
graphics card. AdamW is used as the optimizer, the initial learning rate is set to 0.0001, the
batch size is set to 32, and the maximum number of training rounds is set to 80. Linear
warmup is used for the first 10 rounds, followed by cosine annealing update strategy.
Temporal-MLP, BiGRU, Transformer-Policy and the static intervention model without
emotion drive are selected as the baselines in the comparison experiments to test the actual
gain of the proposed framework in multi-modal state calculation and adaptive intervention
generation.

The evaluation indicators are uniformly set around the result display in the following
article. The accuracy and Macro-F1 were used for the state recognition task, the accuracy of
intervention matching was used for the intervention generation task, the improvement of
compliance interaction rate, the change of average length of stay and the change of return visit
rate were used for the interaction effect, and the average response delay was used for the
system efficiency. The scene generalization experiment was tested independently on content
platform, service platform and transaction platform to observe the output stability of the
model under different business density, interaction rhythm and feedback structure. The
ablation experiment was carried out around three modules of cross-modal attention fusion,
state transition estimation and constrained optimization, which were used to analyze the
influence of each component on the final result.

5.2 Experimental Results

In this section, the results of the proposed framework are analyzed from four levels: state
recognition performance, intervention matching effect, scene generalization ability, and
module contribution. In order to avoid judgment bias caused by single index, the
classification results, interaction changes, system response efficiency and performance
shrinkage under ablation conditions were observed simultaneously. The comparison objects
include Temporal-MLP, BiGRU, Transformer-Policy, and static intervention models to
examine the actual gain of affective interaction computing link in the digitization platform
scenario.

To first observe the discriminative power of the overall model on the core task, Table 2
presents the overall comparison results of different methods on state recognition and
intervention matching.
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Table 2: Results of state identification and intervention matching for different methods

State Intervention Macro-E1
Method Category Specific Model Recognition | Matching %
Accuracy / % | Accuracy / %
Traditional Mapping Method|  Temporal-MLP 86.4 82.1 84.7
Temporal Modeling Method BiGRU 88.7 85.3 87.1
Strategy Modeling Method | Transformer-Policy 90.2 87.9 89.0
Non-Emotion-Driven Static Intervention
Method Model 84.9 80.6 83.5
Emotional Interaction
Proposed Method Computing 93.1 90.4 91.8
Framework

Table 2 shows that the state recognition accuracy of the proposed framework reaches
93.1%, which is higher than 86.4% of Temporal-MLP, 88.7% of BiGRU, 90.2% of
Transformer-Policy, and 84.9% of static intervention model. In terms of intervention matching
accuracy, the proposed method achieves 90.4%, which also maintains the highest level. The
results show that after the combination of multimodal emotion representation and state
transition estimation, the model can more stably distinguish four kinds of states: participation,
hesitation, resistance and acceptance, and map the discrimination results to the subsequent
intervention actions more accurately.

To further observe the influence of system response delay variation on user compliance
interaction rate, Fig. 5 shows the sample distribution results under different delay conditions
in the form of scatter points.
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Figure 5: Variation trend of compliance interaction rate under different response delay
conditions

Fig. 5 shows that as the average response delay gradually decreases from 160 ms to
around 80 ms, the overall compliance interaction rate shows an upward distribution. The
compliance interaction rate corresponding to 160 ms, 140 ms and 120 ms respectively
concentrated in the lower interval, while the scatter points around 100 ms, 85 ms and 80 ms
significantly moved up, indicating that shorter response delay was more conducive to
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maintaining the user's acceptance of prompt information, recommendation ranking and
feedback entry. The scatter locations of the two intervals of 85 ms and 80 ms are close,
indicating that when the response speed decreases to a certain range, the increase of the
compliance interaction rate begins to narrow, and the system output gradually enters a
relatively stable state. The scatter distribution does not show obvious outliers, nor does it form
a reverse shift between the high activity samples and the low activity samples, which
indicates that the joint modeling of emotional representation and behavior intensity has a
good buffer effect on the time delay fluctuation, and can maintain a stable state discrimination
boundary and intervention response consistency under complex interaction density.

To further investigate the actual impact of different intervention methods on user
interaction results, Table 3 lists the gain results of the three types of methods in compliance
interaction rate, average length of stay, and return visit rate.

Table 3: Comparison of the amount of interaction change under different interventions

Metric S_tatic Weak Adaptive | Proposed
Display Strategy Framework
Increase in Compliance Interaction Rate / % 3.2 8.7 14.8
Increase in Average Dwell Time / % 2.1 7.2 12.6
Increase in Revisit Rate / percentage points 1.8 4.9 9.7

Table 3 compares the effects of different interventions on user interaction outcomes.
Although static display can bring a certain degree of interaction improvement, the overall gain
is relatively limited, and the improvement of compliance interaction rate, average length of
stay and return visit rate is only 3.2%, 2.1% and 1.8 percentage points, respectively. The weak
adaptive strategy shows more significant improvement in all three metrics, indicating that the
dynamic adjustment based only on the behavior log has been able to enhance part of the user
response. In contrast, the proposed framework achieves 14.8% improvement in compliance
interaction rate, 12.6% increase in average length of stay, and 9.7 percentage points increase
in return visit rate, which are 11.6%, 10.5%, and 7.9 percentage points higher than those of
static display, and 6.1%, 5.4%, and 4.8 percentage points higher than those of weak adaptive
strategy, respectively. The results show that after the emotional state enters the intervention
decision, the platform can grasp the user's acceptance rhythm and the interface tolerance
range more accurately, so as to reduce invalid stimuli and enhance interaction continuity.

Considering that the application environment of the digital platform is not single, the
stability degree of the model in different business scenarios also needs to be investigated
separately. For this purpose, Table 4 presents a horizontal comparison of the test results on the
content platform, the service platform, and the trading platform.

Table 4: Generalization test results for different platform scenarios

State Intervention Average
Scenario Type | Recognition | Matching Response Result Characteristics
Accuracy / % |Accuracy / %| Latency / ms
Content Platform| 935 90.7 83.4 High activity and dense
feedback
Service Platform 92.8 89.9 85.7 Continuous conversation and
clear context
Transaction 93.0 90.6 848 Decision-sensitive and
Platform action-concentrated
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Table 4 shows that the state recognition accuracy of the proposed method in the three
types of scenes reaches 93.5%, 92.8% and 93.0%, respectively, and the standard deviation is
controlled within a small range. The accuracy of intervention matching was 90.7%, 89.9%
and 90.6%, respectively, and the overall fluctuation range was small. The results show that the
constructed emotional interaction computing link does not rely on a single platform structure,
but can maintain consistent discrimination ability under different task densities and interface
rhythms.

In order to more clearly identify the contribution of each submodule to the final
performance, Table 5 presents the ablation experiment results and focuses on observing the
change magnitude of the core indicators after the removal of different modules.

Table 5: Ablation experiments and performance shrinkage results

State Intervention Increase in
Recognition Decrease Matching Decrease Compliance
Removed Module from Full from Full -
Accuracy Eramework Accuracy Eramework Interaction
[ % [ % Rate / %
None 93.1 — 90.4 — 14.8
Cross-Modal
Attention Eusion 90.8 -2.3 87.6 -2.8 10.9
State Transition 91.2 1.9 88.1 2.3 11.6
Estimation
Constraint 92.0 11 86.9 35 9.8
Optimization

Table 5 shows that after removing the cross-modal attention fusion, the state recognition
accuracy drops to 90.8%, and the intervention matching accuracy drops to 87.6%. After
removing the state transition estimation, the two indexes decreased to 91.2% and 88.1%,
respectively. After removing the constraint optimization, although the accuracy of state
recognition was still 92.0%, the accuracy of intervention matching was reduced to 86.9%, and
the improvement range of compliance interaction rate was significantly reduced. This result
shows that cross-modal feature alignment mainly affects the quality of state representation,
state transition estimation determines the discriminant stability in continuous interaction, and
constrained optimization is directly related to the degree of adaptation between the
intervention action and the user's current state.

Synthesizing the above results, it can be seen that the advantage of the proposed
framework is not only reflected in the accuracy improvement of a single item, but also
reflected in the stable closed-loop formed between state recognition, policy generation and
front-end execution. The 93.1% state recognition accuracy, 90.4% intervention matching
accuracy, 14.8% compliance interaction rate improvement, and average response time less
than 86 ms obtained in the experiment are consistent with the core results in the abstract,
which also shows that the method has strong engineering deployment value in the real digital
platform environment.

5.3 Discussion

Experimental results show that after emotional interaction enters the user behavior calculation
link, a relatively stable synergistic relationship is formed among state recognition,
intervention matching and front-end response. Compared with the control methods, the state
recognition accuracy of the proposed framework reaches 93.1%, and the intervention
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matching accuracy reaches 90.4%, indicating that the multimodal emotion representation and
state transition estimation can effectively compress the discrimination bias caused by noisy
logs. The compliance interaction rate is increased by 14.8%, and the average response delay is
controlled within 86 ms, which further shows that the proposed method does not only achieve
gains at the offline classification level, but maintains availability in real-time interface
execution. The results given by the ablation experiments are equally explanatory. After
removing the cross-modal attention fusion, the synchronization of state recognition and
intervention matching decreased, indicating that the correlation constraints between behavior,
text and visual cues had a direct impact on the quality of state representation. After removing
the state transition estimation, the discrimination stability in the continuous interaction scene
is significantly weakened, indicating that the judgment of the current state cannot be
completed independently from the historical evolution process. After removing the constraint
optimization, the contraction of compliance interaction rate is more obvious, indicating that
only when the persuasion output falls within the range jointly limited by interface density,
touch frequency and acceptance boundary, it can remain continuously effective. On the whole,
the value of the proposed method is not only the superiority of a single indicator, but also the
organization of emotion perception, behavior discrimination and intervention generation into
a unified closed loop, so that the design adjustment in the digital platform has the engineering
properties of computable, updatable and deployable. This structure is clearly different from
approaches that rely only on static rules or a single sequence of behaviors. The former can
adjust the tone of prompt, the strength of recommendation and the timing of feedback
according to the state fluctuation, while the latter is more prone to overstimulation or response
delay. The test results on the three types of platform scenarios have small fluctuations, which
also shows that the proposed model has migration consistency and is suitable for complex
digital environments such as content distribution, service interaction and transaction guidance.

6 Conclusions

Focusing on emotional interaction computing, user behavior modeling, and persuasive design
optimization in digital platforms, this paper constructs a unified framework consisting of
multimodal emotion representation, state computation, response discrimination, and adaptive
intervention generation. The experimental results show that the proposed method achieves
93.1% accuracy of state recognition and 90.4% accuracy of intervention matching on 4320
users and 18600 interaction sessions, and improves the compliance interaction rate by 14.8%,
and the average response delay is controlled within 86 ms, which indicates that after the
emotional signal enters the behavior calculation link, the proposed method can effectively
improve the accuracy of intervention matching. The platform can complete state
understanding and policy output more stably. The limitations of this paper are mainly
reflected in three aspects. First, although the samples cover content, service and transaction
scenarios, they still focus on the medium and high frequency interaction environment, and the
state drift in low-frequency tasks has not been fully developed. Secondly, the quality of visual
and text modalities is greatly affected by the acquisition conditions, and the robustness under
complex noise still needs to be tightened. Third, the current constrained optimization mainly
focuses on interface density, access frequency and acceptance boundary, and the modeling of
long-term trust retention and cross-cycle behavior memory is still limited. Future research can
further introduce fine-grained cross-round session memory, lightweight online update
mechanism, interpretable intervention path analysis, and combine federated learning and
privacy-preserving computing to enhance multi-platform deployment capabilities, so that the
emotion-driven behavioral computing framework can achieve more stable performance in
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terms of real-time performance, mobility and engineering adaptability. From the perspective
of method, the significance of this paper is not only reflected in the improvement of the
accuracy of a single module, but also in the integration of emotion perception, behavior
discrimination, interface adjustment and feedback writeback into a continuous running
computational closed loop, so that the design adjustment in the digital platform has the
engineering characteristics of computable, updatable and deployable. The results based on this
framework not only provide a reusable implementation basis for the development of
intelligent persuasion system in high-frequency interactive platform, but also establish a more
unified technical reference for subsequent system deployment, performance verification and
policy expansion.
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