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Abstract This study develops an entropy-based evaluation model to quantify meaning loss in knowledge 
reproduction through social media paper-reading activities. Using a mixed-methods approach, the research 
analyzed 420 paper-reading posts across WeChat, Zhihu, Bilibili, and Twitter, examining how academic knowledge 
transforms during digital dissemination. The entropy model conceptualizes knowledge reproduction as an 
information transmission process where entropy increases along dissemination chains, with preservation rates 
varying significantly across platforms. Validation testing confirmed strong correlation between algorithmic and 
human assessments (r = 0.84, p < 0.001), with the model successfully identifying 92.3% of expert-classified high-
distortion cases. Results revealed distinct platform-specific entropy distributions, with structured knowledge 
environments demonstrating lower entropy values (Zhihu: M = 0.38, SD = 0.13) compared to microblogging formats 
(Twitter: M = 0.59, SD = 0.16). Cross-disciplinary analysis showed significant entropy variations across knowledge 
domains (F(3, 416) = 24.38, p < 0.001), with physics/mathematics content exhibiting the lowest entropy (M = 0.32, 
SD = 0.11) and social sciences the highest (M = 0.53, SD = 0.15). Multiple regression analysis identified content 
creator expertise as the strongest predictor of low entropy (β = -0.43, p < 0.001), followed by audience domain 
knowledge (β = -0.37, p < 0.001). Multimodal integration demonstrated a buffering effect against complexity-driven 
entropy increases, reducing entropy values by 0.14 on average. The study provides both theoretical advancements 
in understanding digital knowledge transformation mechanisms and practical applications for improving scientific 
communication in social media environments. The findings suggest that effective knowledge dissemination requires 
strategic adaptation to platform-specific constraints, with integrated multimodal presentation strategies showing 
particular promise for preserving meaning across all disciplines and platforms examined. 
 
Index Terms Knowledge Reproduction, Information Entropy, Social Media, Academic Communication, 
Transmission Complexity 

I. Introduction 
In recent years, social media platforms have emerged as significant conduits for knowledge dissemination and 
academic discourse, transforming how scholarly research is communicated beyond traditional academic settings 
[1]. The phenomenon of "paper reading" activities on social media—where users explain and interpret academic 
papers for broader audiences—represents a novel form of knowledge reproduction that warrants systematic 
investigation [2]. This knowledge reproduction process inevitably involves information transformation and potential 
meaning loss, raising important questions about information integrity and comprehension accuracy in digital 
environments [3]. 

The exponential growth of social media-based academic content has created complex networks of information 
dissemination where knowledge undergoes multiple transformations as it travels from original research papers to 
public consumption [4]. These transformations occur within what can be conceptualized as information ecosystems, 
where entropy—a measure of disorder or uncertainty—provides a valuable theoretical framework for analyzing 
meaning preservation and loss [5]. Information entropy theory, originally developed in telecommunications, offers 
mathematical tools to quantify the complexity and potential distortion in these knowledge reproduction processes 
[6]. 

Current research on social media knowledge dissemination has primarily focused on diffusion patterns [7], user 
engagement metrics [8], and platform-specific dynamics [9]. While these studies have yielded valuable insights into 
how information spreads, they often neglect the qualitative aspects of knowledge transformation that occur during 
reproduction [10]. The evaluation of knowledge reproduction quality remains largely subjective, lacking robust 
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quantitative models to assess information fidelity across dissemination chains [11]. This research gap is particularly 
problematic given the increasing reliance on social media as a source of scientific knowledge for non-specialist 
audiences [12]. 

Information complexity represents another critical dimension that affects knowledge reproduction quality [13]. 
Complex scientific concepts require sophisticated simplification strategies that balance accessibility with accuracy—
a challenge that manifests differently across varied social media environments [14]. The relationship between 
information complexity, transmission mechanisms, and meaning preservation remains underexplored, particularly 
in the context of academic paper interpretations on social media platforms [15]. 

This research addresses these gaps by developing an entropy-based evaluation model for assessing knowledge 
reproduction quality in social media paper-reading activities. The model integrates information theory principles with 
complexity analysis to quantify meaning loss throughout the dissemination process. Through examination of 
information transmission complexity, this study establishes metrics for evaluating the fidelity of reproduced 
knowledge relative to original research sources. The framework developed herein provides both theoretical 
advancement in understanding knowledge transformation processes and practical tools for content creators and 
consumers to assess information quality in digital academic discourse. 

The significance of this research extends beyond theoretical contribution to address pressing concerns about 
scientific literacy and misinformation in digital environments. By establishing quantitative methods to evaluate 
knowledge reproduction quality, this study offers a foundation for improving information integrity in academic 
communication on social media platforms. The entropy-based model presented in this work creates new possibilities 
for enhancing knowledge dissemination practices while preserving the essential meaning and value of original 
research contributions. 

II. Data and Methods 
II. A. Data Sources and Sample Selection 
This research focuses on analyzing knowledge reproduction patterns across social media platforms where 
academic paper-reading activities occur. Data collection involved a systematic multi-stage sampling process 
targeting content from four major platforms: WeChat public accounts, Zhihu, Bilibili, and Twitter. The sample 
selection prioritized content diversity across disciplines including computer science, medicine, social sciences, and 
physics to ensure representation of varying knowledge complexity levels [16]. Primary data included 420 paper-
reading posts created between January 2022 and March 2025, with corresponding original academic papers 
sourced from IEEE, Nature, Science, and other high-impact journals. Additionally, secondary data encompassed 
15,680 user interactions (comments, shares) to assess information dissemination patterns [17]. To maintain data 
reliability, a verification protocol was employed to confirm that sampled content was authentic paper-reading activity 
rather than general scientific communication [18]. Sampling strategies incorporated both stratified random and 
purposive approaches to balance representativeness with targeted analysis of high-impact dissemination cases. 
The selection criteria prioritized posts that achieved significant engagement metrics while maintaining traceable 
connections to original research papers [19]. This dual approach ensured robust analysis of knowledge 
transformation processes across different platform architectures and user communities, addressing limitations in 
previous studies that focused on single-platform analyses [20]. 
 
II. B. Entropy Evaluation Model Construction 
The development of the entropy evaluation model followed a structured three-phase approach that integrates 
information theory with social media content analysis. The model conceptualizes knowledge reproduction as an 
information transmission process where entropy increases along the dissemination chain. Building on established 
information entropy principles, the evaluation framework quantifies meaning preservation through comparative 
analysis of original papers and their social media representations [21]. The core model employs the following 
primary entropy equation for knowledge assessment: 
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where ( )H K  represents knowledge entropy, ( )iP k  denotes the probability distribution of key information 
elements, and entropy values indicate the degree of meaning loss during reproduction [22]. Table 1 illustrates the 
entropy threshold values established for different knowledge components. 
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Table 1: Entropy Threshold Values for Knowledge Components 

Knowledge Component Low Entropy Threshold Medium Entropy Threshold High Entropy Threshold 

Methodological Elements 0.18 - 0.35 0.36 - 0.65 0.66 - 0.90 

Theoretical Concepts 0.22 - 0.40 0.41 - 0.70 0.71 - 0.95 

Research Findings 0.15 - 0.30 0.31 - 0.60 0.61 - 0.85 

Contextual Information 0.25 - 0.45 0.46 - 0.75 0.76 - 0.98 

 
The model incorporates three interdependent analytical dimensions: conceptual fidelity, structural integrity, and 

contextual accuracy—weighted differentially based on knowledge domain characteristics [23]. The framework 
additionally accounts for platform-specific mediating factors that influence entropy values, including algorithmic 
filtering, audience composition, and content format constraints [24]. Model validation involved iterative testing with 
expert evaluation panels assessing concordance between model-generated entropy scores and human judgment 
of knowledge reproduction quality [25]. 

 
II. C. Experimental Design and Implementation 
The experimental methodology employed a multi-phase design to validate the entropy evaluation model and assess 
information transmission complexity across different dissemination contexts. Figure 1 illustrates the experimental 
workflow framework. 

 

Figure 1: Experimental workflow framework for entropy evaluation of knowledge reproduction 

Initial experimental phases involved controlled dissemination of pre-analyzed academic content through multiple 
social media channels, with systematic tracking of transformations at each transmission node [26]. The experiment 
incorporated three distinct test conditions: (1) direct academic-to-public transmission, (2) multi-step cascading 
dissemination, and (3) cross-platform knowledge migration—allowing for comparison of entropy effects under varied 
reproductive scenarios [27]. For each condition, standardized assessment protocols measured information 
complexity and meaning preservation across dissemination chains. Implementation involved collaboration with 28 
content creators who produced paper-reading materials according to experimental parameters, followed by 
systematic content analysis using the developed entropy metrics. Experimental controls included standardization 
of original paper complexity, creator expertise calibration, and platform-neutral content formatting where possible 
[28]. The experimental design specifically addressed methodological limitations in previous studies by incorporating 
real-time tracking of information transformation rather than merely analyzing end-points of dissemination chains, 
thus providing dynamic insights into entropy accumulation processes across different dissemination contexts and 
platforms [29]. 

 
II. D. Data Analysis Methods 
The analytical framework employed both computational and interpretive methods to process the multi-dimensional 
data generated through the experimental implementation. Computational analysis utilized natural language 
processing techniques to extract semantic structures from original papers and their social media representations, 
enabling quantitative comparison of information components [30]. Key analytical procedures included knowledge 
component identification, semantic network mapping, and entropy calculation across dissemination nodes. 
Statistical analysis employed both parametric and non-parametric approaches depending on data distribution 
characteristics, with primary methods including MANOVA for cross-platform comparisons, regression analysis for 
identifying entropy predictors, and structural equation modeling to assess relationships between complexity factors 
and knowledge reproduction quality. Interpretive analysis supplemented computational approaches through 
qualitative content examination by domain experts who evaluated nuanced aspects of meaning preservation not 
captured by algorithmic processing. Data synthesis integrated these multi-method analyses to generate 
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comprehensive entropy profiles for different knowledge types and dissemination patterns. The analytical approach 
prioritized methodological triangulation to enhance validity of findings, employing parallel analyses of identical 
content through different analytical lenses. This multi-method strategy addressed limitations in existing research 
that has predominantly relied on single-dimension metrics for evaluating information dissemination quality. 
Additionally, temporal analysis examined entropy changes across successive reproduction generations, providing 
insights into cumulative meaning loss through extended dissemination chains. 

III. Results 
III. A. Analysis of Paper-Reading Characteristics on Social Media 
The analysis of paper-reading activities across social media platforms revealed distinct patterns in knowledge 
reproduction strategies and presentation formats. Paper-reading content on social media exhibited several 
characteristic features that differentiated it from traditional academic communication, including simplified technical 
language, enhanced visual representations, and interactive engagement elements. Significant differences were 
observed in content structure across platforms, with WeChat public accounts favoring long-form narrative 
explanations (mean word count = 2,853.6, SD = 742.3), while Twitter focused on key finding extraction (mean word 
count = 246.7, SD = 85.4). Bilibili video content demonstrated the highest integration of multimodal explanatory 
elements, with 78.3% of analyzed videos incorporating dynamic visualizations of complex methodologies [16]. 

The temporal analysis of engagement metrics revealed that paper-reading posts achieved peak interaction rates 
between 8-24 hours after publication, with sustained engagement patterns correlating strongly with content 
complexity factors (r = 0.72, p < 0.001). As shown in Table 2, interaction types varied significantly across platforms, 
with implications for knowledge transmission patterns. 

Table 2: Interaction Types and Distribution Across Social Media Platforms 

Interaction Type WeChat (%) Zhihu (%) Bilibili (%) Twitter (%) 

Content Clarification Questions 18.3 37.6 12.4 9.2 

Application Inquiries 12.1 29.4 8.7 14.8 

Methodological Discussions 7.6 14.8 3.5 7.3 

Finding Interpretations 32.7 11.3 8.9 45.6 

Alternative Viewpoints 9.3 4.5 2.1 18.7 

Amplification without Modification 20.0 2.4 64.4 4.4 

 
Content analysis further revealed that paper-reading activities across platforms demonstrated varying levels of 

information preservation. Zhihu demonstrated the highest conceptual fidelity (preservation rate = 78.4%), while 
Twitter exhibited the highest meaning distortion through selective representation (preservation rate = 42.9%). 
Content creators employing multimedia approaches achieved higher information preservation scores than those 
using text-only formats (M = 71.6% vs. M = 56.3%, t(418) = 8.37, p < 0.001) [17]. Semantic network analysis of 
content across dissemination chains identified critical points where meaning loss accelerated, particularly during 
transitions between platforms with different format constraints and audience characteristics [18]. 

The disciplinary analysis indicated significant variations in knowledge reproduction strategies across academic 
domains. Social science paper interpretations demonstrated greater contextual elaboration (contextual-to-core ratio 
= 1.78), while computer science content prioritized methodological simplification (methodological explanation index 
= 0.43). Medical research interpretations exhibited the highest factual precision emphasis (accuracy preservation 
score = 0.82), consistent with domain-specific knowledge requirements [19]. Longitudinal tracking of trending paper-
reading topics revealed temporary alignment with broader societal interests, suggesting that knowledge 
reproduction on social media operates within complex ecosystems where audience receptivity significantly 
influences content selection and framing [20]. 

 
III. B. Entropy Model Validation Results 
The entropy evaluation model demonstrated robust performance in quantifying information transformation across 
knowledge reproduction contexts. Validation testing compared model-generated entropy scores against expert 
evaluations of content fidelity across 120 paper-reading instances, revealing strong correlation between algorithmic 
and human assessments (r = 0.84, p < 0.001). Model performance maintained consistency across different 
knowledge domains, with slightly higher accuracy in natural sciences (r = 0.87) compared to social sciences (r = 
0.79) [21]. Cross-validation procedures confirmed the model's ability to identify meaningful variations in information 
preservation across different reproductive formats and platforms. 
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The entropy thresholds established through iterative testing effectively differentiated between high-fidelity and 
problematic knowledge reproductions, with 92.3% of expert-identified high-distortion cases correctly classified by 
the model. Receiver Operating Characteristic (ROC) analysis yielded an area under the curve of 0.89, indicating 
strong discriminative capability. As shown in Figure 2, the relationship between calculated entropy values and expert 
quality assessments demonstrated clear clustering patterns. 

 

Figure 2: Relationship between calculated entropy values and expert quality assessments 

The model performance analysis across different content components revealed varying sensitivity to different 
types of information transformation. Methodological components showed the highest entropy increases during 
reproduction (mean entropy change = 0.42, SD = 0.13), while research conclusions demonstrated greater 
preservation (mean entropy change = 0.28, SD = 0.11). The model successfully captured nuanced transformations 
in conceptual framing, with theoretical framework modifications generating distinctive entropy signatures that 
corresponded to expert-identified meaning shifts [22]. Table 3 presents the model performance metrics across 
different knowledge components. 

Table 3: Entropy Model Performance Metrics Across Knowledge Components 

Knowledge Component Sensitivity Specificity Accuracy F1 Score 

Research Methodology 0.91 0.86 0.88 0.89 

Theoretical Framework 0.85 0.82 0.84 0.83 

Empirical Findings 0.93 0.89 0.92 0.91 

Literature Context 0.79 0.81 0.80 0.80 

Research Implications 0.87 0.84 0.85 0.86 

Overall Model 0.87 0.84 0.86 0.86 

 
Longitudinal validation testing demonstrated model stability across different time periods, with consistent 

performance when applied to content from different publication cycles (variance < 5%). The model successfully 
identified temporal trends in knowledge reproduction quality, revealing gradual improvements in overall information 
preservation from early samples (mean entropy = 0.58) to more recent content (mean entropy = 0.44) [23]. This 
temporal improvement pattern was most pronounced on platforms with established content creator communities, 
suggesting the development of improved knowledge reproduction practices over time. 

Comparative analysis with alternative evaluation approaches confirmed the superior performance of the entropy-
based model in capturing complex meaning transformations. The model outperformed keyword-based analysis 
(accuracy improvement = 26%) and citation network methods (accuracy improvement = 18%) in identifying subtle 
meaning distortions [24]. The validation results confirmed that the entropy evaluation framework provides a reliable 
quantitative approach for assessing knowledge reproduction quality across diverse social media environments, with 
practical applications for both content creators and consumers [25]. 
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III. C. Knowledge Reproduction Entropy Value Distribution Characteristics 
The entropy analysis of knowledge reproduction across platforms revealed distinct distribution patterns that reflect 
the structural and functional characteristics of different social media environments. Entropy values demonstrated a 
right-skewed distribution (skewness = 0.68), with 67.3% of content falling within the medium entropy range (0.30-
0.60), 18.4% classified as low entropy (< 0.30), and 14.3% exhibiting high entropy values (> 0.60). Platform-specific 
entropy distributions showed significant variations, as illustrated in Figure 3, with centralized expertise platforms 
demonstrating lower overall entropy values. 

 

Figure 3: Entropy value distributions across social media platforms 

Cross-disciplinary analysis revealed significant variations in entropy patterns across knowledge domains. Physics 
and mathematics content exhibited the lowest mean entropy values (M = 0.32, SD = 0.11), followed by computer 
science (M = 0.41, SD = 0.14), medical sciences (M = 0.44, SD = 0.13), and social sciences (M = 0.53, SD = 0.15). 
These differences were statistically significant (F(3, 416) = 24.38, p < 0.001), suggesting that knowledge domain 
characteristics substantially influence reproduction quality [26]. Temporal mapping of entropy values throughout 
dissemination chains demonstrated non-linear accumulation patterns, with entropy increasing at accelerated rates 
after specific transmission thresholds. 

Content format analysis identified significant associations between presentation strategies and entropy 
distributions. Multimodal content incorporating visual explanatory elements demonstrated more favorable entropy 
profiles (mean entropy reduction = 0.14) compared to text-only presentations. Table 4 presents entropy values 
across different content formats and knowledge domains. 

Table 4: Mean Entropy Values by Content Format and Knowledge Domain 

Knowledge Domain Text-Only Text+Image Text+Video Interactive 

Computer Science 0.49 0.42 0.36 0.32 

Medical Sciences 0.52 0.45 0.39 0.35 

Social Sciences 0.61 0.54 0.47 0.41 

Physics/Mathematics 0.39 0.33 0.29 0.25 

All Domains 0.50 0.44 0.38 0.33 

The network analysis of entropy propagation through multi-step dissemination chains revealed that entropy 
accumulation followed a modified logistic function rather than linear progression. Initial reproduction steps from 
original papers to primary social media content demonstrated modest entropy increases (mean Δ = 0.18), while 
subsequent reproductions based on already transformed content showed accelerated meaning loss (mean Δ = 0.27) 
[27]. This pattern suggests cumulative distortion effects that compound through extended dissemination chains. 

Spatial mapping of entropy values across international platforms revealed geographical variations in knowledge 
reproduction quality, with significant differences between regions (p < 0.01). Content originating from regions with 
established academic communities demonstrated lower entropy values (M = 0.38) compared to emerging 
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knowledge ecosystems (M = 0.51), suggesting the influence of regional academic infrastructure on reproduction 
quality [28]. Interestingly, cross-linguistic reproduction introduced additional entropy (mean increase = 0.13), 
reflecting the challenges of conceptual translation across language boundaries. 

Temporal tracking of entropy distributions over a 24-month period revealed gradual improvements in overall 
reproduction quality (mean entropy reduction = 0.08), suggesting the emergence of improved knowledge 
dissemination practices within content creator communities. These improvements were most pronounced on 
platforms with active content moderation and peer feedback mechanisms, indicating the potential value of 
community knowledge validation in reducing entropy [29]. 

 
III. D. Influence Factor Analysis 
Multiple regression analysis identified several key factors significantly associated with entropy values in knowledge 
reproduction across social media platforms. The comprehensive model explained 68.3% of variance in entropy 
levels (adjusted R² = 0.683, F(12, 407) = 76.42, p < 0.001), with several factors emerging as particularly influential. 
Content creator expertise demonstrated the strongest negative association with entropy (β = -0.43, p < 0.001), 
followed by audience domain knowledge (β = -0.37, p < 0.001) and original content complexity (β = 0.31, p < 0.001) 
[30]. Table 5 presents the complete regression results for factors influencing entropy values. 

Table 5: Multiple Regression Analysis of Factors Influencing Entropy Values 

Influence Factor β Coefficient Standard Error t-value p-value 

Content Creator Expertise -0.43 0.04 -10.75 < 0.001 

Audience Domain Knowledge -0.37 0.05 -7.40 < 0.001 

Original Content Complexity 0.31 0.04 7.75 < 0.001 

Platform Format Constraints 0.28 0.04 7.00 < 0.001 

Multimodal Integration Level -0.26 0.05 -5.20 < 0.001 

Temporal Distance from Original 0.24 0.04 6.00 < 0.001 

Content Length -0.21 0.05 -4.20 < 0.001 

Audience Engagement Level -0.18 0.04 -4.50 < 0.001 

Source Citation Practices -0.16 0.05 -3.20 0.002 

Algorithm-driven Promotion 0.15 0.05 3.00 0.003 

Cross-platform Reproduction 0.12 0.04 3.00 0.003 

Community Validation Mechanisms -0.11 0.05 -2.20 0.028 

 
Path analysis further clarified the relationships between influence factors, revealing both direct and mediated 

effects on entropy levels. Content creator expertise operated primarily through enhanced explanatory strategies 
(indirect effect = -0.18), while platform constraints exhibited direct effects on information preservation capabilities. 
The interaction analysis identified several significant moderating relationships, with multimodal integration 
demonstrating a buffering effect against complexity-driven entropy increases (interaction term β = -0.14, p < 0.01). 

The temporal analysis of influence factors revealed shifting patterns of importance over different dissemination 
phases. In initial reproduction stages, content creator expertise and methodology simplification approaches 
dominated entropy determination (combined contribution = 58.3%). During secondary dissemination, audience 
characteristics and engagement patterns gained importance (contribution increase = 21.7%), suggesting context-
dependent influence mechanisms [16]. Structural equation modeling confirmed these phase-specific influence 
patterns (CFI = 0.94, RMSEA = 0.048, SRMR = 0.036). 

Qualitative analysis of extreme cases—both high and low entropy examples—provided additional insights into 
influence mechanisms. Low entropy cases consistently demonstrated three key characteristics: (1) transparent 
simplification strategies that preserved core meaning, (2) strategic use of visual explanatory elements for complex 
concepts, and (3) explicit recognition of limitations in the reproduction process. High entropy cases typically 
exhibited meaning distortion through: (1) decontextualized finding presentation, (2) methodological details omission 
that altered interpretative frameworks, and (3) misaligned explanatory analogies [17]. 

Platform-specific analysis revealed differential impacts of influence factors across social media environments. 
Creator expertise showed strongest effects on platforms with established reputation mechanisms (β ranging from -
0.38 to -0.51), while format constraints demonstrated greater impact on microblogging platforms (β ranging from 
0.23 to 0.36). Cross-platform comparative analysis revealed that Zhihu's question-answer format enabled more 
effective knowledge preservation compared to platforms with less structured engagement mechanisms [18]. These 
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findings highlight the importance of considering platform architecture when developing strategies for high-fidelity 
knowledge reproduction on social media. 

IV. Discussion 
The entropy-based evaluation model developed in this research provides a novel quantitative framework for 
assessing knowledge reproduction quality in social media environments, addressing significant gaps in 
understanding how academic knowledge transforms through digital dissemination. The findings reveal complex 
patterns of information transformation that extend beyond simple degradation models, suggesting that knowledge 
reproduction operates through sophisticated mechanisms influenced by platform architectures, content creator 
expertise, and audience characteristics. These results align with Liu et al.'s [16] observation that information 
dissemination on social media involves intricate interactions between content and social context, but provide 
additional quantitative metrics for assessing these processes. 

The observed platform-specific entropy distributions highlight the critical role of medium affordances in knowledge 
reproduction quality. Platforms with structured knowledge organization frameworks demonstrated significantly lower 
entropy values compared to microblogging environments, consistent with Yang et al.'s [17] findings on platform 
architecture influences on information integrity. However, this research extends previous understanding by 
quantifying these differences through entropy measurements, revealing non-linear relationships between platform 
constraints and meaning preservation. Multimodal content integration emerged as a powerful mediator of entropy 
reduction across all platforms examined, supporting Zhao et al.'s [21] assertion that visual elements enhance 
information comprehension in complex knowledge domains. 

Temporal analysis of entropy accumulation through dissemination chains revealed concerning patterns of 
accelerated meaning loss in secondary reproductions, supporting concerns about information degradation in 
extended social media sharing networks [22]. This finding has significant implications for understanding how 
scientific misinformation evolves through digital ecosystems, suggesting that intervention strategies focused solely 
on original content may be insufficient for preserving knowledge integrity throughout complete dissemination 
pathways. The multiple regression analysis of influence factors offers practical guidance for improving knowledge 
reproduction quality, with content creator expertise emerging as the strongest predictor of low entropy values. 

Several limitations warrant consideration when interpreting these findings. The sample, while substantial, 
primarily reflected mainstream platforms and popular content, potentially underrepresenting niche knowledge 
communities where distinctive reproduction patterns might emerge. The cross-sectional nature of entropy 
measurements limited examination of long-term knowledge evolution dynamics that might reveal additional 
temporal patterns. The model's current implementation focuses primarily on semantic content transformations, with 
more limited capacity for evaluating nuanced rhetorical shifts that might influence interpretation without altering core 
information elements [26]. 

Future research should expand this framework to examine entropy patterns in specialized academic social 
networks and emerging multimedia platforms where novel knowledge reproduction strategies are developing. 
Longitudinal studies tracking entropy evolution across extended time periods would provide valuable insights into 
knowledge ecosystem dynamics and potential adaptation mechanisms. Additional work examining cross-linguistic 
knowledge reproduction would enhance understanding of how conceptual translation influences entropy patterns in 
global information environments [28]. Integration of audience comprehension metrics with entropy measurements 
could further illuminate the relationship between reproduction quality and effective public understanding—a critical 
consideration for science communication initiatives. 

V. Conclusion 
This research establishes a comprehensive entropy-based model for evaluating knowledge reproduction quality in 
social media paper-reading activities, providing quantitative metrics to assess information fidelity throughout digital 
dissemination processes. The entropy analysis revealed significant variations across platforms, with structured 
knowledge environments demonstrating lower mean entropy values (Zhihu: M = 0.38, SD = 0.13) compared to 
constrained microblogging formats (Twitter: M = 0.59, SD = 0.16). These platform-specific entropy patterns reflect 
the substantial influence of medium affordances on knowledge reproduction quality, with format constraints 
explaining 28% of entropy variance across dissemination contexts. 

The entropy evaluation model achieved robust validation metrics (accuracy = 0.86, sensitivity = 0.87), 
demonstrating its effectiveness for assessing knowledge reproduction quality across diverse academic domains. 
Content creator expertise emerged as the strongest predictor of low entropy values (β = -0.43, p < 0.001), followed 
by multimodal integration strategies that reduced entropy values by 0.14 on average. Knowledge domain 
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characteristics significantly influenced reproduction quality, with physical sciences content demonstrating 39.6% 
lower entropy values compared to social sciences content. 

The framework contributes both theoretical advancements in understanding digital knowledge transformation 
mechanisms and practical applications for improving scientific communication in social media environments. By 
quantifying specific factors associated with meaning preservation, this model offers actionable guidance for content 
creators seeking to maximize information fidelity in knowledge ecosystems. Future applications should explore 
longitudinal transformation patterns, cross-linguistic reproduction dynamics, and emerging multimodal 
dissemination strategies that may fundamentally transform how academic knowledge circulates in digital 
environments. 
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