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Abstract 8 

Adolescent social media addiction requires adaptive intervention strategies capable of addressing individual 9 

behavioral differences. This study proposes an adaptive digital intervention system that integrates natural language 10 

processing (NLP)-based emotion analysis with constraint-based reinforcement learning for personalized strategy 11 

optimization. The proposed framework extracts emotional tendencies from online text, constructs dynamic risk 12 

representations with a temporal decay mechanism to distinguish short-term variations from long-term risk accumulation, 13 

and employs a multi-dimensional reward function with prioritized experience replay to optimize intervention decisions 14 

according to individual risk states. Experimental results demonstrate that the proposed system reduces overall risk by 15 

32.1%, achieves a user acceptance rate of 82.4% (92.3% among low-risk users), decreases risk scores in high-risk 16 

individuals by 0.32, and reduces usage time by 20.1%. Compared with fixed-rule strategies and conventional 17 

reinforcement learning approaches, the proposed method achieves superior intervention performance. The results 18 

demonstrate that the integration of emotion-aware modeling and adaptive reinforcement learning can improve the 19 

effectiveness and personalization of digital intervention strategies. This work provides a computational framework for 20 

developing scalable and individualized approaches to behavioral risk management in digital environments. 21 

Keywords: Adolescent Social Media Addiction, Adaptive Digital Intervention, NLP Emotion Analysis, Constraint 22 



 

 

Reinforcement Learning, Dynamic Risk Characterization 23 

1 Introduction 24 

With the widespread adoption of mobile Internet platforms, short-video applications, and instant interactive media, 25 

social media has become an important digital environment influencing adolescents’ emotional experiences, peer 26 

relationships, and behavioral habits. Existing studies have demonstrated associations between social media use and 27 

adolescent depression, anxiety, and psychological distress; however, these relationships are influenced by multiple 28 

factors, including usage motivation, interaction quality, individual psychological characteristics, and family support [1]. 29 

Therefore, researchers should move beyond simply evaluating whether adolescents use social media and focus on how 30 

usage patterns generate risks and when interventions are required [2,3]. Significant individual differences in 31 

psychological responses indicate that unified restriction strategies are insufficient for precise prevention and personalized 32 

intervention [4]. 33 

Problematic social media use is typically characterized by persistent engagement, emotional regulation dependence, 34 

impaired attention control, and negative effects on daily functioning. Cross-cultural studies have shown that excessive 35 

social media use is associated with reduced well-being, sleep disturbance, and psychological stress, although risk patterns 36 

vary across countries, cultures, and social environments [5]. Moreover, social media use and mental health may exhibit 37 

bidirectional relationships, where negative emotions promote online compensation behaviors while excessive 38 

dependence further intensifies emotional fluctuations and loss of control [6]. Peer norms, online emotional expression, 39 

and social comparison can also reinforce adolescents’ psychological attachment to digital platforms [7]. Thus, addiction 40 

risk assessment should incorporate multidimensional information, including emotional states, interaction semantics, 41 

behavioral patterns, and individual feedback, rather than relying solely on usage duration [8]. 42 

Recent research has increasingly examined social media addiction and problematic use among adolescents. 43 

However, existing assessment approaches remain limited by inconsistent evaluation criteria, sample heterogeneity, and 44 



 

 

insufficient evidence regarding effective interventions [9]. Systematic reviews have indicated that current studies mainly 45 

focus on correlation analysis and risk description, while real-time monitoring and personalized intervention mechanisms 46 

remain underexplored [10]. Emotional intelligence, stress perception, and depressive symptoms have been identified as 47 

important factors influencing problematic use through complex psychological pathways [11]. In addition, family rules, 48 

parental modeling, and family environments affect adolescents’ social media behaviors, suggesting that digital 49 

intervention systems should consider both individual states and external support factors [12]. 50 

Accordingly, adolescent social media addiction prevention requires a transition from static screening toward 51 

dynamic risk identification and adaptive intervention. Previous studies have demonstrated that parents and peers jointly 52 

influence problematic social media use, highlighting the need for context-sensitive and individualized intervention 53 

strategies [13]. The integration of parenting styles and environmental factors can further improve risk prediction, 54 

indicating that effective monitoring should incorporate multi-source information and hierarchical risk representation 55 

[14]. Meanwhile, recent evidence suggests that single-scale assessments cannot fully capture the evolution of 56 

problematic use, and continuous monitoring, early warning, and adjustable intervention strategies are increasingly 57 

necessary [15]. Particularly among adolescents, problematic social media use involves behavioral regulation, emotional 58 

development, and ethical considerations [16]. 59 

Therefore, this study develops an adaptive digital intervention system integrating NLP-based emotion analysis and 60 

reinforcement learning for adolescent social media addiction prevention. The proposed framework establishes a closed-61 

loop process from risk perception to intervention feedback through emotion recognition, dynamic risk representation, 62 

and personalized strategy optimization (Figure 1). 63 



 

 

 64 

Figure 1. Framework of social media intervention system for teenagers 65 

2 Research Progress on prevention and control of teenagers’ social media 66 

addiction and intelligent digital intervention 67 

2.1 Research on the formation mechanism and prevention and intervention of teenagers’ 68 

social media addiction 69 

Adolescent social media addiction is not a single problem of “using too long”, but a complex behavior result shaped 70 

by psychological development stage, emotional regulation needs, platform feedback mechanism and peer interaction 71 

pressure. Adolescent individuals are at a critical stage of sustainable development of self-identity, social belonging and 72 

emotional control ability. Instant feedback, likes, short video recommendations and continuous interaction provided by 73 

social media are easy to strengthen their dependence on external recognition. When individuals feel pressure in real-life 74 

learning, interpersonal relationships or family communication, online platforms may be used as a channel for emotional 75 

escape and compensatory satisfaction, thus forming a cycle of “negative emotions - platform use - transient relief - re 76 

dependence”. Recent studies on the trajectory of screen use among adolescents have further shown that there is a 77 

continuous evolutionary relationship between addictive screen use and mental health risk, and its impact is not only 78 



 

 

found in extreme user groups, but may gradually accumulate in the process of long-term high-frequency use [17].  79 

In terms of intervention research, existing methods mainly include family rule guidance, school health education, 80 

cognitive behavior intervention, digital use restriction and psychological support services. These methods have certain 81 

value in reducing overuse, but they still face several limitations in practice: first, the time point of intervention is often 82 

delayed, and most measures are started after the problem behavior has significantly affected learning and life; Second, 83 

the intervention strategy is relatively unified, and it is difficult to distinguish the inducement and risk degree of addiction 84 

among different adolescents; Third, the traditional intervention relies on offline resources and manual evaluation, which 85 

is difficult to form continuous monitoring and dynamic feedback. In recent years, intervention research on adolescent 86 

problematic social media use has begun to emphasize the relationship between mental health outcomes, behavior change 87 

paths and individual acceptability, indicating that the intervention system should not only aim at reducing the duration 88 

of use, but also pay attention to the comprehensive results of emotion regulation, sleep quality, learning engagement and 89 

social function recovery [18].  90 

2.2 Application of NLP emotion analysis in mental state identification and addiction risk 91 

monitoring 92 

With the increasing textualization, fragmentation and Emotionalization of adolescents’ online expression, mental 93 

state recognition based on natural language processing provides a new technical path for addiction risk monitoring. 94 

Social media texts contain a large amount of emotional tendency, stress expression, self-evaluation, peer relationship 95 

and behavior intention information, which are often closer to the real psychological state of individuals than the simple 96 

login frequency or use duration. Previous studies have accumulated more experience in the identification of depression, 97 

anxiety, suicide risk and psychological distress, and have formed a multi-layer method system from dictionary features, 98 

topic model to deep learning semantic representation. Relevant reviews point out that social media mental health 99 

prediction technology has been able to capture language patterns, emotional changes and risk signals from user generated 100 



 

 

content, but it also emphasizes that model interpretation, sample bias and cross platform migration are still key issues 101 

[19].  102 

In terms of model method, deep learning promotes the transformation of mental state recognition from shallow 103 

keyword matching to context semantic understanding. Convolutional neural network, cyclic neural network, attention 104 

mechanism and pre training language model can better deal with the implicit emotions and complex context in 105 

unstructured text. For example, the same sentence expression may represent common complaints, continuous anxiety or 106 

seeking support in different situations. Only by combining context, time series and users’ historical status can the stability 107 

of recognition be improved. The application of deep learning in the study of mental health outcomes shows that its 108 

advantage lies in its ability to handle high-dimensional, non-linear and multi-source data, but it also has problems such 109 

as insufficient interpretability, unstable label quality and insufficient verification of clinical effectiveness [20].  110 

2.3 Application of reinforcement learning and adaptive technology in personalized behavior 111 

intervention 112 

With the development of intelligent digital intervention, the intervention system can gradually change from “fixed 113 

rule trigger” to “adaptive adjustment based on state change”. In the prevention and control of adolescents’ social media 114 

addiction, the individual state is obviously dynamic: the same adolescent may have significantly different motivations 115 

and risk levels of social media use under learning pressure, peer conflict, lack of sleep or vacation environment. 116 

Traditional rule-based systems usually send alerts based on fixed thresholds, such as pushing alerts after continuous use 117 

for more than a certain period of time, but this approach is easy to ignore situational differences, and may even lead to 118 

resistance. Research Based on online community texts during the epidemic showed that the expression of psychological 119 

support groups and health anxiety in social media fluctuated with changes in the external environment, indicating that 120 

the mental state in the digital environment has obvious time sensitivity and context dependence [21].  121 

Reinforcement learning provides a method framework with decision optimization ability for personalized 122 



 

 

intervention. The basic idea is to represent the user’s current state as a state space, and to design reminders, content 123 

replacement, use interval suggestions, emotional support and home school collaboration reminders as intervention 124 

actions, and to build a reward function according to the follow-up feedback, so that the system can gradually learn more 125 

appropriate strategies in multiple rounds of interaction. Compared with the static classification model, reinforcement 126 

learning is more suitable for dealing with continuous decision-making problems, because it focuses not only on whether 127 

there is a risk at a certain point in time, but also on whether the subsequent risk can be reduced and user acceptance can 128 

be maintained after the intervention. Existing social media mental health monitoring studies have pointed out that online 129 

behavior and language data can be used to continuously observe changes in mental state, but the monitoring results need 130 

to be combined with decision-making mechanism, feedback mechanism and risk boundary to truly serve the intervention 131 

[22].  132 

2.4 Existing research deficiencies and the problems raised in this paper 133 

Overall, existing studies have revealed the relationship between social media use, mental health risk and intelligent 134 

monitoring methods from multiple perspectives, but there are still obvious deficiencies in the prevention and control of 135 

adolescent addiction. First, many studies focus on risk correlation or single classification identification, and pay 136 

insufficient attention to the dynamic evolution process of addiction risk, which is difficult to explain the intermediate 137 

mechanism of risk from general high-frequency use to out of control use. Second, most of the existing models aim at 138 

emotion recognition, depression tendency judgment or psychological risk prediction, and rarely build a special state 139 

representation system for “addiction prevention and control”. Third, many systems directly regard algorithm output as 140 

the basis for intervention, but they lack full consideration of model uncertainty, user differences and manual review 141 

mechanism. Bibliometric analysis of the research on social media mental health machine learning shows that this field 142 

has grown rapidly in recent years, but the research topics still have problems of centralized technical methods, scattered 143 

application scenarios and insufficient clinical or educational transformation [23].  144 



 

 

In addition, the application of machine learning and natural language processing in the field of mental health is still 145 

restricted by factors such as data quality, labeling standards, model transparency and ethical compliance. The system 146 

review points out that although relevant studies have potential in automatic identification and auxiliary evaluation, many 147 

models lack cross dataset validation, real scene evaluation and interpretable output, which limits their practical 148 

application in sensitive populations [24].  149 

3 Methodology of adaptive digital intervention system based on NLP emotion 150 

analysis and reinforcement learning 151 

3.1 System architecture and data flow design for addiction prevention and control 152 

The prevention and control of adolescent social media addiction has shifted from static risk screening to dynamic 153 

and personalized intervention practice. The traditional unified strategy is difficult to effectively deal with the complex 154 

evolution of addiction risk because it ignores individual differences and situational changes. Traditional intervention 155 

often relies on a single behavioral indicator to trigger fixed warnings, which is not only easy to cause teenagers’ resistance, 156 

but also unable to distinguish the essential difference between “high-frequency use” and “emotional dependence”; At 157 

the same time, the monitoring of a single data dimension is difficult to capture the continuous change of addiction risk 158 

from early accumulation to out of control, resulting in delayed or excessive intervention [25].  159 

Previous studies often regarded emotion recognition and behavior monitoring as independent modules, or relied on 160 

static risk labels for intervention, which could not reflect the continuous change process of addiction risk from “low risk 161 

fluctuation” to “high risk out of control” [26]; Through multi-source data preprocessing, this study integrates teenagers’ 162 

social media texts, behavior logs and user feedback, and desensitizes and standardizes them, laying the foundation for 163 

subsequent analysis. On this basis, the optimized NLP state perception model extracts the score of text emotional polarity, 164 

which improves the accuracy by 2.7 percentage points compared with the traditional transformer model, and can more 165 

accurately capture the subtle emotional tendencies of teenagers. Furthermore, the dynamic risk index calculation, which 166 



 

 

integrates the emotional score, behavior characteristics, historical risk and time decay mechanism, effectively 167 

distinguishes between short-term emotional fluctuations and long-term risk accumulation. Finally, the constraint 168 

reinforcement learning strategy selects the appropriate intervention action based on the risk state, and achieves the 169 

balance between the intervention effect and ethical compliance through the iterative optimization of user feedback 170 

(Figure 2). 171 

 172 

Figure 2. Adaptive intervention process for social media addiction 173 

Attention fusion features of multi-source time series data: 174 
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=

K
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As shown in Formula 1, where, tF : t  time multi-source fusion feature vector; K : number of data source types; 176 

kt , : attention weight of class data k ; ktE , : emotional characteristics of class data k ; ktB , : behavior characteristics 177 

of class data k ; ktC , : the context characteristics (such as time and scene) of class data k . 178 

End to end delay constraint model: 179 



 

 

 thexecdecfusepertotal DTTTTD +++=                        (2) 180 

As shown in formula 2, where, totalD : total end-to-end delay of the system; perT : Data perception delay (such as 181 

text collection and preprocessing); fuseT : feature fusion delay; decT : policy decision delay; execT : delay in intervention 182 

execution; thD : preset delay threshold (e.g. 300ms to ensure real-time performance). 183 

3.2 Adolescents’ state perception and risk representation method based on NLP emotion 184 

analysis 185 

Early identification of adolescents’ social media addiction depends on accurate perception of their mental state, and 186 

emotional change is one of the core clues reflecting the risk of addiction. The traditional state assessment methods mostly 187 

rely on offline questionnaires or single behavior indicators, which are difficult to capture the hidden emotional 188 

fluctuations in teenagers’ online expression in real time, and can not effectively distinguish the psychological dependence 189 

related to general emotional response and addiction [27]. Therefore, emotion analysis technology based on natural 190 

language processing (NLP) has become the key support for building a dynamic and accurate state perception system, 191 

and provides a new technical path for early warning of addiction risk. 192 

Previous studies often used emotion dictionary matching or shallow machine learning model when using NLP to 193 

identify teenagers’ mental state. Although these methods can capture the surface emotions, they are insufficient to deal 194 

with the diversified and contextualized expressions of teenagers, resulting in limited recognition accuracy and difficult 195 

to support accurate risk characterization [28]. The NLP state perception model proposed in this study (Figure 3) 196 

significantly improves the accuracy of emotion polarity recognition by integrating attention mechanism and context 197 

semantic understanding; Further, in the risk characterization link, the emotional score extracted by NLP is fused with 198 

behavior characteristics and historical risk data, and the time attenuation mechanism is added to build a dynamic risk 199 

index, which effectively solves the problem that the static assessment cannot reflect the risk evolution. 200 



 

 

 201 

Figure 3. NLP model for dynamic risk characterization 202 

Context aware affective polarity score (lstm+attention mechanism): 203 

 ( ) i

N

i itp ptS = =1 ,                               (3) 204 

As shown in Formula 3, where, ( )iiit vh =Softmax,  ; ( )tS p  : score of emotional polarity of t   moment 205 

context perception; N : the number of effective emotional words in the text; it , : the dynamic attention weight of the 206 

i  emotion word; th : the hidden state of the LSTM model at the t  time (capturing the temporal characteristics of the 207 

context); iv : pre training embedding vector of the first i  emotion word; ip : the predefined polarity value of the i  208 

emotion word (positive+1, neutral 0, negative -1). 209 

Addiction risk characterization index of time decay: 210 
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As shown in formula 4, where, tR : t  time addiction risk index;  ,, : normalized weight (determined by 212 

AHP method);   : time attenuation coefficient; ( )rH  : number of high-risk behaviors at any time T  ; ( )tFf  : 213 

frequency of high-risk behaviors at any time t  (times/hour). 214 



 

 

3.3 Reinforcement learning strategy optimization model for personalized intervention 215 

The personalized intervention of adolescents’ social media addiction is faced with dual challenges: on the one hand, 216 

the user status is significantly dynamic - the same adolescent’s motivation and risk level of social media use differ greatly 217 

during the period of learning stress, vacation or peer conflict; On the other hand, the traditional fixed rule intervention 218 

lacks situational sensitivity, which is not only easy to cause user resistance, but also difficult to distinguish the essential 219 

difference between “short-term high-frequency use” and “long-term addiction risk” [29]. Reinforcement learning, as a 220 

technology of optimizing decision-making through interactive learning, provides the possibility to solve this problem. 221 

However, how to give consideration to the intervention effect, user acceptance and ethical constraints in the strategy 222 

optimization is the core problem that needs to be solved urgently. 223 

When applying reinforcement learning to intervention strategies in previous studies, there are two key deficiencies: 224 

first, the design of reward function is single, focusing on quantitative indicators of risk reduction, ignoring the subjective 225 

acceptance of users to the intervention methods; The second is the lack of effective constraint mechanism, which leads 226 

to the model may choose high-risk intervention action, causing ethical controversy [30]. The constraint reinforcement 227 

learning strategy proposed in this study solves these problems through three innovations: Firstly, a multi-dimensional 228 

reward function is designed to incorporate the risk reduction range, user response feedback and constraint compliance 229 

into the unified evaluation framework; Secondly, the priority experience playback mechanism is introduced to give 230 

priority to learning the positive intervention cases fed back by users to accelerate the strategy convergence; Finally, the 231 

adaptation rules of risk status and intervention actions are constructed to match mild reminders, content replacement 232 

recommendations, home school collaboration and other actions for low, medium and high-risk users (Figure 4). 233 



 

 

 234 

Figure 4. Comparison of intervention strategies and methods 235 

Personalized state space (including dynamic features): 236 

  intprefresp ,,,, TPRRRS ttt =                            (5) 237 

As shown in formula 5, where, tS : user personalized state vector at any time t ; 1−−= ttt RRR : risk change 238 

rate (reflecting risk trend); respR : historical intervention response rate (0-1); prefP : user intervention content preference 239 

vector (such as text/video/Gamification); intT  : the time interval between the last intervention and the current time 240 

(minutes). 241 

Q value update of double dqn+priority experience playback: 242 
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As shown in formula 6, where, targetQ  : target Q   network; currentQ  : current Q   network;   : learning rate 244 

(0.0005-0.001);  : discount factor (0.95-0.99); j : priority weight. 245 

3.4 Adaptive intervention adjustment mechanism with feedback constraints 246 



 

 

Teenagers are at the critical stage of the development of self-identity and emotion regulation ability, and their 247 

dependence on social media is often accompanied by complex psychological needs. The traditional adaptive intervention 248 

system often ignores user feedback and ethical constraints, resulting in reduced intervention effect or conflict. For 249 

example, the intervention based only on the output of the algorithm may frequently push reminders that do not conform 250 

to the user’s situation, which not only cannot reduce the risk of addiction, but also may cause teenagers to have a 251 

rebellious psychology and even give up using the intervention system [31]. The adaptive intervention adjustment 252 

mechanism integrating feedback constraints is designed for this pain point. It deeply integrates user real-time feedback, 253 

manual review mechanism and ethical rules into the intervention process, aiming to achieve the triple balance of 254 

intervention effect, user acceptance and compliance, and provide a more humanized solution for the prevention and 255 

control of teenagers’ social media addiction. 256 

In previous studies, there were two core defects in adaptive intervention: first, the feedback was underutilized, and 257 

the user response was often regarded as secondary data, which was not used as the core driver of policy adjustment, 258 

which made it difficult for the model to adapt to the dynamic needs of users; Second, the constraint mechanism is missing 259 

or loose, and there is a lack of clear rules to limit the intensity and scope of intervention, which is prone to excessive or 260 

improper intervention [32]. The fusion feedback constraint mechanism proposed in this study solves these problems 261 

through three key links: first, build a real-time feedback collection module to capture users’ multiple responses to 262 

intervention actions, and convert these feedback into the weight factor of model iteration, so that the strategy can quickly 263 

adapt to users’ preferences; Secondly, set multi-level manual review trigger conditions. When the risk index exceeds 0.6 264 

or the risk rises for three consecutive times, the guardian or professional will be automatically triggered to intervene, so 265 

as to avoid the psychological pressure or privacy risk caused by algorithm misjudgment; Finally, strict constraint rules 266 

should be formulated, including no more than 2 times of intervention per day, the type of intervention should match the 267 

risk level, and the disclosure of sensitive user information is prohibited, so as to standardize the selection of intervention 268 



 

 

actions. In addition, the mechanism can dynamically adjust the frequency of intervention, such as appropriately 269 

increasing the density of intervention for users with high acceptance, reducing intervention or changing methods for 270 

users with resistance, and further improving the degree of personalization of intervention (Figure 5). 271 

 272 

Figure 5. Information diagram of adaptive intervention framework 273 

Multi constraint reward function: 274 

 ( ) ( ) int1 FVURRr ttttt −−−+−= −+                    (7) 275 

As shown in formula 7, where, tr : the reward value of intervention at any time t ; ( )0,max 1+
+ −= ttt RRR : 276 

risk reduction; ( )0,max 1 ttt RRR −= +
−  : increased risk; tU  : user satisfaction score (0-1); tV  : intervention 277 

resistance (e.g. closure rate, 0-1); intF  : number of interventions per unit time (avoid excessive intervention); 278 

 ,,, : weight factor (optimized by grid search). 279 

PPO policy update objective function (including clipping and regular items): 280 
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 ; ( )L  : PPO policy loss 282 

function;   : clipping coefficient (0.15-0.2); vfL  : loss of value function;  S  : strategy entropy (encouraging 283 



 

 

exploration); ev cc , : regular term coefficient (controlling the weight of value loss and entropy). 284 

The core algorithm of this study is shown in Table 1. Figure 6 shows the training iteration process of NLP state 285 

awareness module and constraint reinforcement learning agent. The left figure shows that the loss gradually decreases 286 

and the verification accuracy steadily increases; The right figure shows that the average reward, strategy stability and 287 

risk reduction rate continue to rise, indicating that the model has good convergence and feedback optimization ability. 288 

 289 

Figure 6. Algorithm training curve and iteration curve 290 

  291 



 

 

Table 1. Core algorithm steps 292 

Step Explain Core Code 

1 

Multi source data collection and preprocessing: collect teenagers’ 
social media texts, behavior logs (duration/frequency of use), 
feedback data, desensitization and standardization 

data = preprocess(texts, behavior_logs, 
feedbacks) 

2 
NLP emotion state recognition: extract text emotion polarity score 
using optimized state perception model 

emotion_score = 
state_aware_nlp.predict(text) 

3 

Dynamic Risk Representation: integrate emotional score, behavior 
characteristics and historical risk, and add time decay mechanism to 
calculate addiction risk index 

risk_index = 
compute_risk(emotion_score, 
behavior, history_risk, time_decay) 

4 

Reinforcement learning strategy selection: Based on the current risk 
state, select personalized intervention actions through constraint 
reinforcement learning 

action = 
constrained_rl_agent.choose_action(ris
k_state) 

5 

Intervention execution and feedback collection: push the selected 
intervention action (such as mild reminder/emotional support) and 
record the user response 

feedback = 
execute_intervention(action) + 
collect_response() 

6 
Model iterative update: adjust NLP model parameters and 
reinforcement learning strategies according to feedback 

update_models(feedback, 
emotion_score, risk_index) 

7 
Manual review trigger: initiate manual/Guardian intervention 
mechanism for high-risk or abnormal situations 

if risk_index > 0.6: 
trigger_human_review() 

4 Experimental verification and result analysis of adaptive digital intervention 293 

system 294 

4.1 Experimental design, data set construction and ethical compliance description 295 

To verify the applicability of the adaptive digital intervention system for preventing teenagers’ social media 296 

addiction, this study designs experiments at levels of state perception accuracy, risk identification stability, intervention 297 

strategy optimization, and user acceptance. The system is evaluated as a closed-loop framework rather than a single 298 

classification model. It integrates NLP-based emotion analysis, addiction-risk representation, reinforcement learning 299 

strategy optimization, and feedback constraints. The NLP module identifies emotional tendencies and mental-state cues 300 

in adolescents’ online texts. The risk representation module combines emotional scores, behavioral frequency, historical 301 

risk, and intervention feedback to generate a dynamic addiction-risk index. The reinforcement learning module then 302 

selects suitable intervention actions according to the current risk state and updates its strategy. 303 



 

 

The dataset is constructed through multi-source fusion, including online text, platform-use records, intervention 304 

responses, questionnaires, and manual annotations. Text data support emotion-analysis training and validation, while 305 

behavioral data describe usage frequency, continuous-use duration, nighttime-use proportion, and repeated short-term 306 

visits. Questionnaire and manual-review results are used to calibrate risk labels. To prevent data leakage, training, 307 

validation, and test sets are divided by user. Risk labeling combines emotional state, behavioral rhythm, functional 308 

impact, and expert evaluation, instead of relying on a single scale. 309 

The experiment includes model training, offline validation, policy simulation, and small-scale user feedback. It 310 

compares fixed rules, traditional machine-learning strategies, and reinforcement learning strategies in terms of risk 311 

reduction, user acceptance, and constraint satisfaction. Feedback is used to evaluate low-intensity reminders, use-interval 312 

suggestions, content replacement, emotional support, and home-school collaborative reminders under different risk 313 

states. 314 

4.2 NLP emotion analysis and addiction risk identification performance evaluation 315 

This study found that in the performance comparison of NLP emotion polarity recognition model, the NLP state 316 

perception model proposed in this paper is significantly better than the emotion dictionary model, textcnn model, bilstm 317 

attention model and transformer coding model in all key indicators, as shown in Table 2.  318 

As a traditional method, the emotional dictionary model relies on keyword matching, which has limited 319 

performance in dealing with complex context and adolescents’ diversified emotional expression, and its indicators are at 320 

a low level; Textcnn model captures local features through convolution operation, and its performance has been improved, 321 

but its context understanding of long text is still insufficient; Bilstm attention model introduces attention mechanism to 322 

enhance the focus on key emotional information and further improve the recognition accuracy; Transformer coding 323 

model has achieved better results in semantic understanding by virtue of self attention mechanism, but the model in this 324 

paper has been optimized on this basis, and the core indicators such as accuracy, accuracy, recall rate and F1 value have 325 



 

 

been significantly improved compared with transformer coding model, which shows that the model can more accurately 326 

capture the subtle emotional tendencies in teenagers’ online text, and provide a more reliable state perception basis for 327 

the subsequent dynamic monitoring of addiction risk. Figure 7 compares the comprehensive performance of different 328 

NLP emotion polarity recognition models by percentage stacking histogram. The results show that the NLP state 329 

perception model in this paper is the best in accuracy, accuracy, recall, F1 value, AUC and macro average F1, reflecting 330 

a more stable ability of emotion recognition. 331 

 332 

Figure 7. NLP model performance comparison chart 333 

Table 2. Performance comparison of NLP emotion polarity recognition model 334 

Model Type 
Accuracy 
Rate/% 

Precision 
Rate/% 

Recall 
Rate/% 

F1 Value 
AUC 
Value 

Macro Average F1 
Value 

Affective Dictionary Model 72.5 ± 1.2 70.3±1.5 68.9 ± 1.3 
69.6 ± 

1.4 

0.75 ± 
0.03 

67.2 ± 1.5 

Textcnn Model 81.2 ± 0.9 79.5±1.1 78.3 ± 1.2 
78.9 ± 

1.1 

0.83 ± 
0.02 

76.8 ± 1.0 

Bilstm Attention Model 85.7 ± 0.8 84.2±0.9 83.5 ± 1.0 
83.8 ± 

0.9 

0.88 ± 
0.02 

82.1 ± 0.8 

Transformer Coding Model 87.9 ± 0.7 86.5±0.8 85.8 ± 0.9 
86.1 ± 

0.8 

0.90 ± 
0.01 

84.3 ± 0.7 

NLP State Aware Model In 
This Paper 

90.6 ± 0.6 89.3±0.7 88.7 ± 0.8 
89.0 ± 

0.7 

0.92 ± 
0.01 

87.5 ± 0.6 



 

 

The experimental results show that there are some differences in the recognition performance of different addiction 335 

risk levels, but the overall performance is good, as shown in Table 3. The recognition accuracy and recall rate of low-336 

risk status are relatively the highest, which may be related to the large number of low-risk samples and the relatively 337 

stable performance of characteristics; The identification performance of medium risk state is second, which can 338 

effectively distinguish the transition stage between low risk and high risk; The recognition performance of high-risk state 339 

is slightly lower, but considering the small number of high-risk samples and more complex characteristics, its 340 

performance is still in the acceptable range; In particular, it is worth noting that the identification of rising risk is 341 

outstanding, which is crucial for the early warning of addiction risk. In general, the indicators of the system’s 342 

comprehensive risk identification remain at a high level, indicating that the system can effectively distinguish different 343 

levels of addiction risk, providing an accurate and comprehensive basis for the formulation of subsequent personalized 344 

intervention strategies. 345 

Table 3. Identification performance of different addiction risk levels 346 

Risk Level 
Number Of 

Samples 

Accuracy 
Rate/% 

Recall 
Rate/% 

F1 Value 
AUC 
Value 

Risk Threshold 

Low Risk Status 1200 92.3 ± 1.1 93.5 ± 1.0 92.9 ± 1.0 
0.94 ± 
0.01 

<0.3 

Medium Risk Status 800 88.5 ± 1.2 87.2 ± 1.3 87.8 ± 1.2 
0.91 ± 
0.02 

0.3~0.6 

High Risk Status 400 85.2 ± 1.3 84.1 ± 1.4 84.6 ± 1.3 
0.89 ± 
0.02 

>0.6 

Risk Rising Status 300 89.1 ± 1.2 88.3 ± 1.3 88.7 ± 1.2 
0.93 ± 
0.01 

Three 
consecutive risk 

increases 

Comprehensive 
Risk Identification 

2700 89.7 ± 1.0 88.9 ± 1.1 89.3 ± 1.0 
0.92 ± 
0.01 

- 

This study found that adding a variety of feature combinations to the risk characterization module can significantly 347 

improve the performance of the model, as shown in Table 4. When only using emotional characteristics, the error of the 348 

model is large and the stability is insufficient, because although emotional characteristics can reflect the psychological 349 



 

 

state, they lack the support of behavioral data, and it is difficult to fully describe the risk of addiction; When only using 350 

behavior characteristics, although it can capture the behavior patterns such as frequency and duration, it ignores the 351 

changes of psychological state, which also has limitations; When the emotional and behavioral characteristics were 352 

integrated, the error of the model was significantly reduced, and the correlation was significantly improved, indicating 353 

that the combination of the two can more comprehensively reflect the risk of addiction; After adding historical risk 354 

characteristics and time attenuation mechanism, the performance of the model is further optimized. The complete risk 355 

characterization model performs best in Mae, RMSE, correlation coefficient and other indicators, which indicates that 356 

the time attenuation mechanism can effectively capture the dynamic changes of risk, while the historical risk 357 

characteristics consider the cumulative effect of risk, and the multi-dimensional feature fusion can more accurately 358 

describe the evolution process of addiction risk, and enhance the reliability and stability of risk characterization. Figure 359 

8 shows the verification results of the time decay risk characterization module under different feature combinations. 360 

With the gradual integration of emotion, behavior, historical risk and time decay mechanism, MAE, RMSE and 361 

calibration error continued to decline, and the correlation coefficient, AUC and stability index increased synchronously, 362 

indicating that the complete model has better risk representation ability. 363 



 

 

 364 

Figure 8. Validation of aging decay risk indicators 365 

Table 4. Validation table of time decay risk characterization module 366 

Feature Settings MAE Value 
RMSE 
Value 

Correlation 
Coefficient 

AUC Value 
Calibration 

Error 
Stability 

Index 

Emotional Characteristics 
Only 

0.15 ± 0.03 0.21±0.04 0.68 ± 0.02 0.78 ± 0.02 0.12 ± 0.02 0.65 ± 0.03 

Behavioral Characteristics 
Only 

0.14 ± 0.03 0.20±0.04 0.70 ± 0.02 0.79 ± 0.02 0.11 ± 0.02 0.67 ± 0.03 

Emotional+Behavioral 
Characteristics 

0.11 ± 0.02 0.16±0.03 0.78 ± 0.01 0.85 ± 0.01 0.08 ± 0.01 0.75 ± 0.02 

Adding Historical Risk 
Characteristics 

0.09 ± 0.02 0.13±0.02 0.83 ± 0.01 0.88 ± 0.01 0.06 ± 0.01 0.82 ± 0.02 

Complete Risk 
Characterization Model 

0.07 ± 0.01 0.10±0.02 0.89 ± 0.01 0.92 ± 0.01 0.04 ± 0.01 0.88 ± 0.01 

4.3 Analysis on optimization effect of reinforcement learning intervention strategy 367 

The experimental results show that the constraint reinforcement learning strategy proposed in this paper is 368 

significantly better than the fixed rule, random intervention, Q-learning and double dqn strategies in terms of intervention 369 

effect, as shown in Table 5. The fixed rule strategy relies on the preset threshold to trigger intervention, and lacks 370 

consideration of individual differences and context changes, resulting in low user acceptance rate and limited risk 371 



 

 

reduction effect; The random intervention strategy is not targeted, not only the intervention efficiency is low, but also 372 

easy to cause user conflict, and the constraint violation rate is high; Q-learning and double dqn strategies have achieved 373 

a certain degree of personalized adjustment through reinforcement learning, but they lack consideration of intervention 374 

constraints and are still insufficient in user acceptance and compliance; The constraint reinforcement learning strategy 375 

in this paper not only optimizes the intervention effect, but also takes into account the user acceptance and ethical 376 

constraints. It not only achieves a higher average reward value and risk reduction rate, but also has a higher user 377 

acceptance rate and a lower constraint violation rate, and the convergence rounds are shorter. This shows that the strategy 378 

can effectively reduce the risk of addiction under the premise of ensuring the user experience and compliance, and 379 

achieve the optimization goal of personalized intervention. 380 

Table 5. Comparison of optimization effects of different intervention strategies 381 

Policy Type 

Average 
Reward 
Value 

Risk 
Reduction 

Rate/% 

Acceptan
ce 

Rate/% 

Intervention 
Frequency 

(Times/Day) 

Constraint 
Violation 
Rate/% 

Converge
nce 

Rounds 

Fixed Rule Policy 12.5 ± 0.8 15.3±1.2 
62.1 ± 

2.3 
1.8 ± 0.2 5.8 ± 1.1 - 

Random Intervention Strategy 8.3 ± 0.6 10.2±1.0 
45.7 ± 

2.5 
2.2 ± 0.3 12.3 ± 1.5 - 

Q-Learning Strategy 18.7 ± 0.9 22.5±1.3 
70.3 ± 

2.1 
1.5 ± 0.2 3.2 ± 0.8 120 ± 10 

Double DQN Policy 22.4 ± 1.0 27.8±1.4 
75.6 ± 

1.9 
1.3 ± 0.1 2.1 ± 0.6 90 ± 8 

Constraint Reinforcement 
Learning Strategy 

25.6 ± 1.1 32.1±1.5 
82.4 ± 

1.7 
1.1 ± 0.1 1.2 ± 0.4 80 ± 7 

According to the research and experiment, there are obvious differences in the effects of different types of 382 

intervention actions under different risk levels, as shown in Table 6. Mild reminders are applicable to low-risk users, 383 

with the highest acceptance rate and the lowest negative feedback rate, but the risk reduction rate is relatively low, and 384 

can be prevented early without causing user conflict; Use interval recommendations and content replacement 385 

recommendations to adapt to low/medium risk and medium risk users respectively, and achieve a good balance between 386 



 

 

risk reduction effect and user acceptance, which can effectively adjust the use behavior without excessive intervention; 387 

Emotional support tips for medium/high-risk users, by providing emotional counseling content to alleviate psychological 388 

dependence, the sustained effective rate is high; Home school collaboration tips are applicable to users with high risk 389 

and rising risk.  390 

The risk reduction rate is the highest, but the acceptance rate and negative feedback rate are slightly poor. It is 391 

necessary to ensure the intervention effect with the intervention of professionals or parents. This shows that the system 392 

can accurately select the appropriate intervention action according to the user’s risk level, and realize the adaptability of 393 

personalized intervention. Figure 9 shows the differences in risk reduction, acceptance rate and sustained effectiveness 394 

of different intervention actions. The risk reduction of home school collaboration is the most obvious, but the acceptance 395 

rate is relatively low. 396 

Table 6. Effect evaluation of different intervention actions 397 

Intervention Action Type 

Risk 
Reduction 

Rate/% 

Acceptan
ce 

Rate/% 

Negative 
Feedback 
Rate/% 

Average 
Response Time 

(s) 

Continuous 
Effective 
Rate/% 

Applicable 
Risk Level 

Gentle Reminder 18.5 ± 0.9 
90.2 ± 

1.5 
3.1 ± 0.7 1.2 ± 0.3 65.3 ± 2.0 Low risk 

Usage Interval 
Recommendations 

22.3 ± 1.0 
85.7 ± 

1.6 
5.2 ± 0.8 1.5 ± 0.4 72.1 ± 2.1 

Low/medium 
risk 

Content Replacement 
Recommendation 

25.6 ± 1.1 
83.4 ± 

1.7 
6.8 ± 0.9 1.8 ± 0.5 75.2 ± 2.2 Medium risk 

Emotional Support Tips 28.9 ± 1.2 
80.1 ± 

1.8 
8.5 ± 1.0 2.0 ± 0.5 80.3 ± 2.3 

Medium/high 
risk 

Home School 
Collaboration Tips 

35.2 ± 1.3 
72.5 ± 

2.0 
12.3 ± 1.2 2.5 ± 0.6 85.1 ± 2.4 

High 
risk/rising risk 



 

 

 398 

Figure 9. Effectiveness analysis of intervention measures 399 

4.4 Comparison experiment, ablation experiment and robustness verification 400 

This study found that the comprehensive performance of the complete system proposed in this paper is significantly 401 

better than the benchmark models such as logistic regression, random forest, LSTM and transformer, as shown in Table 402 

7. Logical regression and random forest, as traditional machine learning models, rely on shallow feature extraction and 403 

have limited performance in processing complex emotional semantics and dynamic behavior data; Although LSTM and 404 

transformer models have advantages in sequence modeling and semantic understanding, they lack the integration with 405 

reinforcement learning and are difficult to achieve dynamic optimization of intervention strategies; The system in this 406 

paper integrates NLP emotion analysis, risk representation and constraint reinforcement learning modules. It is not only 407 

optimal in accuracy, F1 value, AUC and other core indicators, but also maintains a reasonable level in parameter size 408 

and time delay. The robustness index is also significantly higher than other models, indicating that the system achieves 409 

a good balance between accuracy, efficiency and stability. 410 

  411 



 

 

Table 7. Comparison of comprehensive performance of different benchmark models 412 

Model Type 
Accuracy 
Rate/% 

F1 Value 
AUC 
Value 

Average Delay 
(MS) 

Parameter 
Size 

Robustness 
Index 

Logistic Regression 
Model 

75.3 ± 1.2 73.2 ± 1.3 
0.78 ± 
0.02 

15 ± 2 1200 ± 50 0.62 ± 0.03 

Random Forest Model 78.5 ± 1.1 76.4 ± 1.2 
0.81 ± 
0.02 

20 ± 3 5000 ± 100 0.65 ± 0.03 

LSTM Model 82.1 ± 1.0 80.3 ± 1.1 
0.85 ± 
0.01 

35 ± 4 
1.2e4 ± 

200 
0.70 ± 0.02 

Transformer Model 85.6 ± 0.9 83.8 ± 1.0 
0.88 ± 
0.01 

50 ± 5 
2.5e4 ± 

300 
0.75 ± 0.02 

Complete System Of 
This Article 

89.7 ± 0.8 88.2 ± 0.9 
0.92 ± 
0.01 

40 ± 4 
1.8e4 ± 

250 
0.85 ± 0.01 

According to the research and experiment, the ablation of key modules will significantly affect the system 413 

performance, as shown in Table 8. After removing the attention fusion module, the accuracy and F1 value of the model 414 

decreased, indicating that the attention mechanism is very important to capture the key emotional information in the text; 415 

After removing the time decay mechanism, the risk RMSE increased, indicating that the mechanism can effectively 416 

describe the dynamic evolution process of risk; After removing the priority experience playback module, the average 417 

reward value decreased, indicating that the module helps to strengthen the rapid convergence of learning strategies and 418 

optimize the intervention effect; After removing the feedback constraint mechanism, the constraint violation rate has 419 

increased significantly, which highlights the core role of feedback constraint in ensuring intervention compliance and 420 

user acceptance. These results verify the necessity of each module and the synergy of the whole system. Figure 10 shows 421 

the ablation results of key modules with violin diagram, which shows that the complete system performs best in accuracy, 422 

F1, AUC and reward value, and the constraint violation rate increases significantly after removing feedback constraints. 423 



 

 

 424 

Figure 10. Violin chart comparison of model results 425 

Table 8. Ablation experiment results of key modules 426 

Experimental Setup 
Accuracy 
Rate/% 

F1 Value 
AUC 
Value 

Risk RMSE 
Value 

Average 
Reward 
Value 

Constraint 
Violation 
Rate/% 

Complete System 89.7 ± 0.8 88.2 ± 0.9 
0.92 ± 
0.01 

0.10 ± 0.02 25.6 ± 1.1 1.2 ± 0.4 

Remove Attention Fusion 86.3 ± 0.9 84.5 ± 1.0 
0.88 ± 
0.01 

0.13±0.02 22.1 ± 1.0 1.5 ± 0.5 

Remove Time Decay 
Mechanism 

84.7 ± 1.0 82.9 ± 1.1 
0.86 ± 
0.02 

0.15±0.03 20.5 ± 0.9 1.8 ± 0.6 

Remove Priority Experience 
Playback 

87.5 ± 0.9 85.8 ± 1.0 
0.89 ± 
0.01 

0.11±0.02 23.3 ± 1.0 1.3 ± 0.5 

Remove Feedback Constraint 
Mechanism 

88.9 ± 0.8 87.1 ± 0.9 
0.91 ± 
0.01 

0.10±0.02 24.8 ± 1.1 8.5 ± 1.2 

This study found that the system still maintained good robustness in a variety of disturbance scenarios, as shown in 427 

Table 9. When the text is 20% missing, the accuracy rate is still more than 90%, indicating that the system has strong 428 



 

 

adaptability to the lack of text data; In the face of 15% tag noise, the performance retention rate is also high, indicating 429 

that the model has a good tolerance to noise; Under the scenario of 10% missing behavior log and 1 hour feedback delay, 430 

the system performance is still in an acceptable range although it has declined; When migrating across platforms, the 431 

performance is reduced, but it can still maintain a certain degree of effectiveness, indicating that the system has a certain 432 

generalization ability. These results show that the system has strong stability and reliability in complex practical 433 

application scenarios. Figure 11 shows the robustness performance of the system under different disturbance scenarios. 434 

The results show that cross platform migration has the greatest impact, and the model still maintains high stability under 435 

the condition of text missing and feedback delay. 436 

 437 

Figure 11. System robustness across disturbance scenarios 438 
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Table 9. Results of system robustness verification 440 

Disturbance Scenario 

Accuracy 
Retention 
Rate/% 

F1 
Retention 
Rate/% 

AUC 
Retention 
Rate/% 

Reward 
Retention 
Rate/% 

Maximum 
Risk 

Fluctuation 

Stability 
Index 

Text Missing (20%) 92.3 ± 2.3 91.5±2.1 93.1 ± 1.8 88.7 ± 2.5 0.12 ± 0.03 0.82 ± 0.03 

Label Noise (15%) 89.5 ± 2.5 88.7±2.3 90.2 ± 2.0 85.6 ± 2.7 0.15 ± 0.04 0.78 ± 0.03 

Missing Behavior Log 
(10%) 

87.1 ± 2.7 86.3±2.5 88.4 ± 2.2 82.3 ± 2.9 0.18 ± 0.05 0.75 ± 0.04 

Cross Platform 
Migration (Dithering 
→ Microblogging) 

84.2 ± 3.0 83.5±2.8 85.7 ± 2.4 78.9 ± 3.1 0.21 ± 0.06 0.70 ± 0.04 

Feedback Delay (1H) 90.6 ± 2.4 89.8±2.2 91.5 ± 1.9 86.8 ± 2.6 0.14 ± 0.04 0.80 ± 0.03 

4.5 Analysis of personalized intervention effect and user acceptance 441 

The research experiment shows that personalized intervention has significant effects on users with different risk 442 

levels, as shown in Table 10. The acceptance rate of low-risk users was the highest, and the risk score and use duration 443 

decreased slightly, indicating that moderate intervention can effectively prevent risk escalation; The risk score and use 444 

duration of moderate risk users decreased significantly, and the acceptance rate also maintained a high level, indicating 445 

that targeted intervention can effectively adjust behavior patterns; The risk reduction of high-risk users is the largest. 446 

Although the acceptance rate is slightly low, it can still reach more than 78%, indicating that deep intervention can 447 

effectively alleviate the symptoms of addiction; The intervention effect of users with increased risk is also significant, 448 

and they are willing to continue to use it. Overall, the personalized intervention not only effectively reduced the risk of 449 

addiction and the length of use, but also maintained a high degree of user acceptance and satisfaction, which verified the 450 

practical application value of the system. Figure 12 visually compares the different characteristics of different risk users 451 

in risk reduction, change of use duration, acceptance, satisfaction and willingness to continue using. 452 



 

 

 453 

Figure 12. Visualization of personalized intervention effect 454 

Table 10. Evaluation form of personalized intervention effect and user acceptance 455 

Evaluation Object 
Change In 
Risk Score 

Usage 
Duration 

Change/% 

Acceptanc
e Rate/% 

Satisfactio
n Score 

Negative 
Feedback 
Rate/% 

Willingness To 
Continue 

Using 

Low Risk Users -0.05 ± 0.02 -5.2 ± 1.8 92.3±1.5 4.5 ± 0.3 2.1 ± 0.7 90.1 ± 1.6 

Medium Risk User -0.18 ± 0.04 -12.5 ± 2.3 85.6±1.7 4.2 ± 0.4 5.3 ± 0.9 82.4 ± 1.8 

High Risk Users -0.32 ± 0.05 -20.1 ± 2.5 78.2±1.9 3.8 ± 0.5 8.7 ± 1.1 75.6 ± 2.0 

Users With 
Increased Risk 

-0.25 ± 0.04 -16.8 ± 2.4 80.5±1.8 4.0 ± 0.4 7.2 ± 1.0 78.3 ± 1.9 

Population Sample -0.15 ± 0.03 -11.3 ± 2.1 84.7 ± 1.6 4.1±0.4 5.6 ± 0.9 83.2 ± 1.7 

5 Discussion 456 

5.1 Effectiveness and application value of adaptive digital intervention system 457 

The adaptive digital intervention system integrated NLP emotion analysis and reinforcement learning constructed 458 

in this study has shown significant technical effectiveness and practical application value in the prevention and control 459 

of teenagers’ social media addiction (Table 11). In the aspect of state perception, the NLP state perception model is 460 

optimized by attention mechanism and context semantic understanding, with an accuracy rate of 90.6%, which is 2.7% 461 



 

 

higher than the traditional transformer model, and can effectively capture the implicit emotional tendencies in teenagers’ 462 

online texts, such as subtle psychological clues such as implicit anxiety and loneliness expression. The dynamic risk 463 

representation module integrates the emotional score, behavior characteristics, historical risk and time attenuation 464 

mechanism.  465 

The root mean square error of the complete model is reduced to 0.10, and the correlation coefficient is 0.89. It 466 

realizes the continuous characterization of addiction risk from early accumulation to out of control, and solves the 467 

problem that the static assessment cannot reflect the evolution of risk. In terms of personalized intervention strategies, 468 

the risk reduction rate of constraint reinforcement learning strategy was 32.1%, the user acceptance rate was 82.4%, 469 

which was 16.8% and 20.3% higher than the fixed rule strategy, and the constraint violation rate was only 1.2%, which 470 

balanced the intervention effect and user experience.  471 

The system adapts intervention actions for different risk levels: low-risk users use mild reminders, with an 472 

acceptance rate of 92.3%; Medium risk users use content to replace recommendations, and the risk reduction rate is 473 

25.6%; High risk users started home school collaboration, and the risk reduction rate reached 35.2%, realizing the full 474 

cycle coverage from prevention to mitigation. The robustness test shows that the accuracy retention rate of the system is 475 

over 89% in the disturbance scenarios such as 20% text missing and 15% label noise, and the accuracy retention rate 476 

from dithering to microblogging is 84.2% when migrating across platforms, providing stability guarantee for the actual 477 

deployment.  478 



 

 

Table 11. Comparison of research on prevention and control of adolescents’ social media addiction 479 

Type Of Study 
Core Technology 

Methods 

Risk Identification 
Dimension 

Characteristics Of 
Intervention 
Strategies 

Ethical Compliance 
Mechanism 

Research On Static 
Risk Screening 

Questionnaire/single 
behavior indicator 

Static threshold 
judgment 

No or unified 
warning 

Lack of privacy protection and 
excessive intervention 
prevention and control 

Fixed Rule 
Intervention 

System 

Preset threshold 
trigger logic 

Fixed behavior 
indicators 

Unified 
intervention 
action 

No personalized adaptation 
and user feedback mechanism 

Traditional 
Machine Learning 
Intervention Model 

Classification/regressi
on model 

Static risk label 
Fixed strategy 
based on model 
output 

Lack of constraint mechanism 
and manual review 

Adaptive Digital 
Intervention 

System 

NLP emotion 
analysis+constraint 
reinforcement 
learning 

Dynamic multi feature 
fusion 
(emotion+behavior+hi
storical risk+time 
decay) 

Personalized 
adaptive strategy 

Privacy desensitization, 
manual review, constraint 
rules 

5.2 Privacy protection, ethical risks and algorithmic boundaries in adolescent scenarios 480 

Teenagers, as a sensitive group, the system design should strictly follow the privacy protection and ethical norms, 481 

and clarify the application boundary of the algorithm. In terms of privacy protection mechanism, data collection adopts 482 

the principle of informed consent and guardian authorization, and all data are desensitized to avoid the disclosure of 483 

identifiable individual information; Set trigger conditions for manual review, and start manual intervention when the risk 484 

index exceeds 0.6 to prevent stigmatization or excessive intervention caused by algorithm misjudgment. The ablation 485 

experiment results showed that after removing the feedback constraint mechanism, the constraint violation rate increased 486 

from 1.2% to 8.5%, which verified the key role of constraint rules on ethical compliance. In terms of ethical risk 487 

prevention and control, the system does not take the model output as the conclusion of psychological diagnosis, only 488 

provides early warning and auxiliary support, and reserves the user’s right to choose intervention actions, such as accept, 489 

delay or reject; The home school collaboration prompt is only applicable to high-risk users and needs to be confirmed 490 

by the guardian to avoid unauthorized intervention. The boundary of the algorithm is clearly defined as an “auxiliary 491 



 

 

tool”, which does not replace professional psychological intervention and complements offline services to ensure the 492 

safety and professionalism of the intervention. 493 

5.3 Limitations and practical deployment challenges of system popularization and 494 

Application 495 

The system promotion is faced with the dual challenges of technology and reality. In terms of technical limitations, 496 

the accuracy retention rate from dithering to microblogging during cross platform migration is 84.2%, indicating that 497 

the adaptability of the model to the semantic features of different platforms still needs to be improved; The dynamic 498 

changes of teenagers’ network language require the NLP model to be continuously updated, which increases the 499 

maintenance cost; In addition, the system relies on multi-source data, and some platforms may restrict data access, 500 

affecting model training and deployment. In terms of practical deployment challenges, there are differences in user 501 

compliance. The willingness of high-risk users to continue using is only 75.6%. It is necessary to further optimize the 502 

intervention methods to improve the long-term stickiness; Home school collaboration relies on the cooperation of parents 503 

and schools. Some parents lack the ability or time to intervene and need to support training mechanisms; At the policy 504 

level, it is necessary to comply with the regulations on the protection of minors’ networks and other regulations to ensure 505 

the compliance of data processing and intervention. In the future, we need to improve the cross platform generalization 506 

ability through transfer learning, and build a “online monitoring offline support” collaborative system combined with 507 

offline psychological services to meet the above challenges. 508 

6 Conclusion and future research directions 509 

6.1 Core conclusion 510 

This study aimed at the precise needs of teenagers’ social media addiction prevention and control, constructed an 511 

adaptive digital intervention system integrating NLP emotion analysis and constraint reinforcement learning, and 512 

realized the closed-loop design from risk dynamic perception to personalized strategy optimization. The system 513 



 

 

integrates multi-source data, uses the optimized NLP state perception model to capture adolescents’ implicit emotional 514 

tendencies, and combines the dynamic risk representation module of time decay mechanism to effectively distinguish 515 

short-term emotional fluctuations from long-term risk accumulation, which solves the problem that static assessment 516 

cannot reflect the evolution of risk; The constraint reinforcement learning strategy realizes the precise adaptation of 517 

intervention action and risk level through multi-dimensional reward function and priority experience playback 518 

mechanism. The risk reduction rate is 32.1%, and the user acceptance rate is 82.4%, which is significantly higher than 519 

the fixed rule strategy.  520 

At the same time, the constraint violation rate is controlled within 1.2%, which balances the effect and ethical 521 

requirements; The system effectively protects teenagers’ privacy and avoids excessive intervention or stigmatization 522 

through mechanisms such as data desensitization, manual review trigger and daily intervention limit; The experimental 523 

results verify the practical effectiveness of the system. The acceptance rate of low-risk users is 92.3%, the risk score of 524 

high-risk users is reduced by 0.32, and the length of use is reduced by 20.1%. It provides a technical paradigm and 525 

practical path for the prevention and control of teenagers’ social media addiction. 526 

6.2 Future outlook 527 

In the future, we can deepen the research from multiple dimensions: Firstly, according to the semantic 528 

characteristics of different social media platforms, we introduce the optimization model of transfer learning technology 529 

to improve the accuracy retention rate of cross platform migration and expand the scope of application of the system; 530 

Secondly, integrate multimodal data such as images and voice to enrich the dimension of state perception and further 531 

improve the comprehensiveness and accuracy of risk identification; In addition, combined with game design or social 532 

incentive, it can enhance the continuous use intention of high-risk users and strengthen the long-term effect of 533 

intervention; At the same time, it is connected with the school psychological counseling room, family monitoring system 534 

and professional psychological institutions to establish a collaborative mechanism of “online monitoring and early 535 



 

 

warning - offline intervention support” to solve complex psychological problems that cannot be covered by the algorithm; 536 

Attention visualization, decision path tracking and other technologies can also be introduced to improve the transparency 537 

of the model, so that users and guardians can understand the basis of intervention decision-making and enhance trust; 538 

Finally, we will continue to follow up the updating of regulations such as the regulations on the protection of minors’ 539 

networks, optimize the data processing process and intervention boundary, ensure the compliance and sustainability of 540 

the system, and further enhance the practicability and social value of the system. 541 
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