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Abstract 

Social media platforms generate vast volumes of dynamic, 
heterogeneous, and real-time data, making them valuable for analytics 
in domains such as marketing, healthcare, disaster management, and 
public policy. To extract meaningful insights, organizations rely on social 
media analytics pipelines that integrate stages including data 
acquisition, preprocessing, storage, analysis, and visualization. 
However, the growing scale and complexity of such data introduce 
challenges related to verification, optimization, and scalability. This 
paper presents a systematic review of 30 studies published between 
2018 and 2023, examining key architectural components, processing 
frameworks, and emerging technologies for efficient pipeline design. It 
highlights verification mechanisms such as misinformation detection, 
fact-checking, and trust-aware systems to ensure data reliability. The 
review also explores optimization strategies, including data reduction, 
indexing, hybrid batch-stream processing, and AI-driven tuning, which 
improve efficiency and reduce latency. Furthermore, it analyzes scalable 
computing approaches like distributed systems, cloud and edge 
computing, and microservices architectures. While tools such as Apache 
Spark and Hadoop enhance performance, challenges remain in real-time 
verification, energy efficiency, data privacy, and integration of multi-
modal data, indicating important directions for future research. 
 

 
Introduction  
Social media platforms have transformed the 
way information is generated, shared, and 
consumed. Platforms such as Twitter, Facebook, 
and Instagram produce massive volumes of data 
every second, making them valuable sources for 
analytics in domains such as marketing, 
healthcare, politics, and disaster management. 
The analysis of such data requires structured 
pipelines capable of handling large-scale, 
heterogeneous, and dynamic data streams. A 
social media analytics pipeline typically consists 
of several stages, including data collection, 
preprocessing, storage, analysis, and 
visualization. These stages form a continuous 
workflow that enables organizations to extract 
insights from raw data. However, the complexity 
of social media data introduces significant 

challenges. According to research, social media 
data exhibits characteristics of Big Data, 
including high volume, velocity, variety, and 
veracity, which complicate processing and 
analysis . 
One of the primary challenges in social media 
analytics pipelines is verification. Social media 
platforms are prone to misinformation, fake 
news, and unreliable content. Therefore, 
verifying the authenticity and accuracy of data is 
critical. Recent studies have proposed automated 
verification pipelines that include steps such as 
claim detection, evidence retrieval, and fact-
checking. These pipelines leverage machine 
learning and natural language processing 
techniques to identify credible information 
sources and validate content. Another key aspect 
is optimization. Social media analytics pipelines 
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often involve processing large volumes of data in 
real time, which can lead to high computational 
costs. Optimization techniques such as data 
reduction, parallel processing, and efficient 
storage mechanisms are essential to improve 
performance. Technologies like Apache Spark 
and Hadoop have been widely used to optimize 
data processing tasks by enabling distributed 
computation. 
Scalability is also a critical requirement for social 
media analytics pipelines. As the volume of social 
media data continues to grow, systems must be 
capable of scaling horizontally across distributed 
environments. Cloud computing and edge 
computing have emerged as important solutions 
for handling large-scale data processing. These 
technologies allow systems to dynamically 
allocate resources based on workload 
requirements, improving efficiency and reducing 
latency. The integration of multiple data sources 
further complicates the design of analytics 
pipelines. Social media data includes text, images, 
videos, and network interactions, requiring 
advanced data fusion techniques. Modern 
systems often use multi-model data architectures 
to handle these diverse data types efficiently. For 
example, recent research has introduced tri-
store systems that combine relational, graph, and 
text analytics to improve scalability and 
performance. 
Despite these advancements, several challenges 
remain. Data privacy and security are major 
concerns, as social media data often contains 
sensitive information. Additionally, real-time 
processing requirements demand low-latency 
systems capable of handling continuous data 
streams. Ensuring data quality and reliability is 
another challenge, as social media data is often 
noisy and unstructured. This paper aims to 
provide a comprehensive review of social media 
analytics pipelines, focusing on verification, 
optimization, and scalability. By analyzing 30 
studies published between 2018 and 2023, the 
paper identifies key trends, challenges, and 
future research directions in this field. 
  
Literature Review  
Sebei et al. (2018) conducted a comprehensive 
review of social media analytics processes and 
Big Data pipelines. The study identified key 
pipeline stages, including data collection, 
preprocessing, analysis, and visualization. It 
highlighted challenges such as data 
heterogeneity, scalability, and real-time 
processing . 
Stieglitz et al. (2018) proposed a structured 
framework for social media analytics consisting 
of discovery, tracking, preparation, and analysis 
stages. The study emphasized the need for 

systematic pipeline design to address data 
complexity. 
Batrinca & Treleaven (2019) analyzed social 
media analytics tools and techniques, focusing on 
data extraction and sentiment analysis. The study 
highlighted the importance of scalable 
architectures for handling large datasets. 
Chen & Zhang (2019) explored Big Data 
processing frameworks such as Hadoop and 
Spark in social media analytics. The study 
demonstrated how distributed computing 
improves pipeline efficiency. 
Barrón-Cedeno et al. (2020) introduced a 
verification pipeline for social media claims, 
including steps such as claim detection, evidence 
retrieval, and validation. The study showed the 
effectiveness of machine learning models in 
detecting misinformation . 
Zhang et al. (2020) proposed a real-time social 
media analytics pipeline using Apache Spark 
Streaming. The study focused on processing 
high-velocity Twitter data streams for sentiment 
analysis and event detection. The pipeline 
integrates data ingestion, preprocessing, and 
real-time analytics using distributed computing. 
Experimental results showed that Spark-based 
architectures significantly reduce latency 
compared to traditional batch-processing 
systems. 
Khan et al. (2020) introduced an optimized social 
media analytics pipeline using data reduction 
techniques, including feature selection and 
dimensionality reduction. The study 
demonstrated that reducing data dimensionality 
improves computational efficiency without 
significantly affecting analysis accuracy. The 
approach is particularly useful for large datasets 
where processing time is critical. 
Ahmed et al. (2021) developed a cloud-based 
social media analytics framework designed to 
handle large-scale datasets. The system uses 
distributed storage and parallel processing to 
improve scalability. The study highlighted the 
advantages of cloud computing, including elastic 
resource allocation and cost efficiency. Results 
showed improved performance compared to on-
premise systems. 
Li et al. (2021) proposed a graph-based social 
media analytics pipeline for analyzing user 
interactions and network structures. The model 
uses graph processing frameworks to identify 
communities, influencers, and information 
diffusion patterns. The study demonstrated that 
graph-based approaches provide deeper insights 
compared to traditional analytics methods. 
Wang et al. (2021) introduced a machine 
learning-based verification pipeline for detecting 
misinformation on social media. The system 
integrates natural language processing and 
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classification models to identify false 
information. Experimental results showed high 
accuracy in detecting fake news, highlighting the 
importance of automated verification systems. 
Yang et al. (2021) proposed a deep learning-
based social media analytics pipeline that 
integrates neural networks for sentiment 
analysis and topic modeling. The pipeline 
processes unstructured text data using word 
embeddings and recurrent neural networks 
(RNNs). 
The study demonstrated that deep learning 
models significantly improve accuracy in 
sentiment classification compared to traditional 
machine learning methods. However, the 
increased computational cost requires optimized 
hardware and distributed processing. 
Sun et al. (2021) introduced a hybrid analytics 
pipeline combining batch and stream processing. 
The system leverages both real-time and offline 
analytics to balance performance and accuracy. 
The study showed that hybrid architectures can 
efficiently handle both historical and real-time 
data, making them suitable for dynamic social 
media environments. 
Zhang et al. (2022) developed a multi-modal 
social media analytics pipeline that integrates 
text, image, and video data. The system uses deep 
learning models for feature extraction across 
different data types. Results showed that multi-
modal analytics improves insight generation and 
decision-making compared to single-modal 
approaches. 
Liu et al. (2022) proposed a blockchain-based 
verification pipeline for social media data. The 
system uses blockchain to store and verify data 
provenance, ensuring transparency and trust. 
Smart contracts are used to validate data 
authenticity, reducing the spread of 
misinformation. The study demonstrated 
improved trustworthiness but noted increased 
computational overhead. 
Kumar et al. (2022) introduced an edge 
computing-based social media analytics pipeline. 
The model processes data closer to the source, 
reducing latency and improving real-time 
analytics capabilities. The study showed that 
edge computing significantly reduces response 
time and network load, making it suitable for 
applications requiring immediate insights. 
Zhao et al. (2022) proposed a distributed social 
media analytics pipeline using Apache Hadoop 
ecosystem tools. The framework integrates HDFS 
for storage and MapReduce for large-scale data 
processing. The study demonstrated that 
distributed storage and parallel computation 
significantly improve scalability when handling 
massive datasets. However, batch-processing 

limitations reduce its effectiveness for real-time 
analytics. 
Alqahtani et al. (2022) introduced an optimized 
pipeline using data caching and indexing 
techniques to improve query performance in 
social media analytics systems. The study 
showed that efficient indexing reduces query 
latency and enhances system responsiveness, 
particularly in interactive analytics scenarios. 
Wang et al. (2023) developed a scalable social 
media analytics pipeline using microservices 
architecture. The system decomposes the 
pipeline into independent services that can be 
scaled individually. This approach improves 
flexibility, fault tolerance, and maintainability. 
Experimental results showed better 
performance compared to monolithic 
architectures. 
Gupta & Verma (2023) proposed an energy-
efficient social media analytics pipeline designed 
for large-scale distributed systems. The model 
optimizes resource utilization by dynamically 
allocating computing resources based on 
workload. Results showed reduced energy 
consumption without compromising 
performance. 
Liu et al. (2023) introduced an adaptive analytics 
pipeline that dynamically adjusts processing 
strategies based on data characteristics. The 
system selects appropriate algorithms and 
processing methods depending on data type and 
volume. This improves efficiency and ensures 
optimal performance under varying workloads. 
Patel et al. (2023) proposed a hybrid social media 
analytics pipeline combining cloud and edge 
computing. The model distributes computation 
between centralized cloud servers and edge 
nodes to balance performance and latency. The 
study demonstrated that latency-sensitive tasks 
(e.g., real-time event detection) are handled at 
the edge, while large-scale data processing is 
performed in the cloud. This hybrid approach 
significantly improves system efficiency and 
scalability. 
Ahmed & Khan (2023) introduced a large-scale 
social media analytics pipeline for smart city 
applications. The system processes data from 
multiple sources, including social media, sensors, 
and public data platforms. The study highlighted 
the importance of integrating heterogeneous 
data sources and demonstrated that the pipeline 
supports urban planning, traffic management, 
and emergency response systems. 
Kim et al. (2023) developed a low-latency 
analytics pipeline optimized for real-time 
streaming platforms. The system uses in-
memory processing and efficient data structures 
to reduce processing time. Experimental results 
showed that the pipeline achieves near real-time 
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performance, making it suitable for applications 
such as trend detection and live monitoring. 
Reddy & Kumar (2023) proposed a decentralized 
social media analytics pipeline using blockchain 
technology. The system ensures data integrity 
and transparency by recording transactions on a 
distributed ledger. This approach improves trust 
and security but introduces additional 
computational overhead and latency. 
Fernandez et al. (2023) introduced a user-centric 
analytics pipeline with privacy and consent 
management features. The model allows users to 
control how their data is collected and analyzed, 
improving transparency and compliance with 
data protection regulations. The study 
highlighted the importance of ethical data usage 
in analytics pipelines. 
Zhang et al. (2023) proposed an AI-driven 
optimization pipeline for social media analytics 
that automatically tunes processing parameters 
using machine learning. The system monitors 
pipeline performance and dynamically adjusts 
resource allocation and algorithm selection. 
Results showed improved efficiency and reduced 
processing time compared to static 
configurations. 

Singh et al. (2023) introduced a lightweight 
social media analytics pipeline for mobile 
environments. The model uses compressed data 
representations and efficient algorithms to 
reduce computational overhead, making it 
suitable for mobile and low-resource devices. 
Chen et al. (2023) developed a secure multi-party 
social media analytics pipeline that enables 
collaborative analysis without sharing raw data. 
The system uses encryption and distributed 
computation techniques to ensure privacy and 
security. The study demonstrated strong data 
protection but noted increased computational 
complexity. 
Omar et al. (2023) proposed a trust-aware 
analytics pipeline that evaluates the credibility of 
data sources before processing. The system 
assigns trust scores to users and content, 
improving the reliability of analytics results. 
Experimental results showed reduced 
misinformation impact. 
Das & Roy (2023) introduced an energy-efficient 
scalable analytics pipeline using optimized 
workload distribution techniques. The system 
balances computational loads across distributed 
nodes, reducing energy consumption while 
maintaining high performance.  

 
Comparative Table  

Study Year Technique Focus Key Feature Application 

1 2018 Survey Pipeline Big Data General 

2 2018 Framework Structure Analytics stages General 

3 2019 Tools Extraction Sentiment Marketing 

4 2019 Hadoop/Spark Processing Scalability Big Data 

5 2020 ML Verification Fake news Media 

6 2020 Spark Streaming Real-time Twitter 

7 2020 Reduction Optimization Efficiency Big Data 

8 2021 Cloud Scalability Elasticity Cloud 

9 2021 Graph Network analysis Influence Social 

10 2021 ML Verification Fake detection Media 

11 2021 DL Analytics Accuracy NLP 

12 2021 Hybrid Processing Flexibility Big Data 

13 2022 Multi-modal Integration Rich data Media 

14 2022 Blockchain Verification Trust Security 

15 2022 Edge Real-time Low latency IoT 

16 2022 Hadoop Storage Scalability Big Data 

17 2022 Indexing Optimization Speed Queries 

18 2023 Microservices Architecture Flexibility Systems 

19 2023 Energy Efficiency Sustainability Systems 

20 2023 Adaptive Optimization Dynamic Systems 

21 2023 Hybrid Cloud-edge Performance IoT 

22 2023 Smart city Integration Multi-source Urban 

23 2023 Streaming Real-time Low latency Media 
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24 2023 Blockchain Decentralization Trust Security 

25 2023 Consent Privacy User control Ethics 

26 2023 AI Optimization Automation Systems 

27 2023 Mobile Lightweight Efficiency Mobile 

28 2023 SMPC Security Privacy Collaborative 

29 2023 Trust Verification Reliability Media 

30 2023 Energy Scalability Efficiency Distributed 

 
Analysis 
The analysis reveals the following key trends: 
1. Verification Evolution 

 Early focus: Fake news detection  
 Recent: Blockchain & trust-based 

systems  
2. Optimization Techniques 

 Data reduction and indexing  
 AI-driven optimization  
 Hybrid architectures  

3. Scalability Approaches 
 Hadoop & Spark  
 Cloud and edge computing  
 Microservices  

4. Emerging Trends 
 Multi-modal analytics  
 Real-time streaming pipelines  
 Privacy and user control  

5. Challenges 
 Data heterogeneity  
 Real-time processing constraints  
 Energy consumption  
 Verification accuracy  

 
Discussion  
The systematic review of social media analytics 
pipelines highlights the rapid evolution of 
technologies designed to process large-scale, 
dynamic, and heterogeneous data. Over the past 
decade, social media platforms have become 
major sources of real-time information, 
necessitating robust analytics pipelines capable 
of handling vast amounts of structured and 
unstructured data. 
One of the most significant findings is the 
growing importance of verification mechanisms. 
With the rise of misinformation and fake news, 
ensuring the credibility of social media data has 
become a critical requirement. Early approaches 
focused on machine learning-based classification 
models for fake news detection. However, recent 
advancements have introduced more 
sophisticated verification methods, including 
blockchain-based systems and trust-aware 
frameworks. These approaches enhance 
transparency and accountability but often 
introduce additional computational overhead. 
Optimization is another key area of focus in social 
media analytics pipelines. The increasing volume 

of data requires efficient processing techniques 
to minimize computational costs and improve 
performance. Traditional optimization methods 
such as data reduction and indexing have been 
complemented by advanced techniques like AI-
driven optimization and hybrid processing 
architectures. These approaches enable dynamic 
adjustment of system parameters, improving 
efficiency under varying workloads. 
Scalability remains a fundamental challenge in 
social media analytics. Distributed computing 
frameworks such as Hadoop and Spark have 
played a crucial role in enabling large-scale data 
processing. More recently, cloud computing, edge 
computing, and microservices architectures have 
emerged as effective solutions for improving 
scalability and flexibility. These technologies 
allow systems to dynamically allocate resources 
and handle real-time data streams efficiently. 
Another important trend is the integration of 
multi-modal data. Social media content includes 
text, images, videos, and network interactions, 
requiring advanced data fusion techniques. 
Multi-modal analytics pipelines have 
demonstrated improved performance in 
extracting meaningful insights, particularly in 
applications such as sentiment analysis and 
event detection. 
Despite these advancements, several challenges 
remain. Real-time processing requirements 
demand low-latency systems capable of handling 
continuous data streams. Additionally, energy 
efficiency has become an important 
consideration, particularly in large-scale 
distributed systems. Privacy and ethical concerns 
also play a significant role, as social media data 
often contains sensitive information. 
In conclusion, social media analytics pipelines 
have evolved significantly, incorporating 
advanced technologies for verification, 
optimization, and scalability. However, further 
research is needed to address existing challenges 
and develop more efficient and reliable systems. 
  
Conclusion  
This systematic review has explored the 
development and evolution of social media 
analytics pipelines, focusing on verification, 
optimization, and scalable computing 
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perspectives. By analyzing 30 studies published 
between 2018 and 2023, the paper provides a 
comprehensive understanding of current trends, 
challenges, and future directions in this field. 
Social media analytics pipelines have become 
essential tools for extracting insights from large-
scale data generated by social platforms. These 
pipelines consist of multiple stages, including 
data collection, preprocessing, storage, analysis, 
and visualization. Each stage plays a critical role 
in transforming raw data into actionable 
information. 
One of the key findings of this review is the 
increasing importance of verification 
mechanisms. The proliferation of misinformation 
and fake news has highlighted the need for 
reliable methods to validate social media content. 
Techniques such as machine learning-based 
classification, blockchain-based verification, and 
trust-aware frameworks have been developed to 
address this challenge. While these approaches 
improve data reliability, they also introduce 
additional complexity and computational 
overhead. 
Optimization is another critical aspect of social 
media analytics pipelines. The large volume and 
high velocity of social media data require 
efficient processing techniques to ensure timely 
analysis. Traditional optimization methods, such 
as data reduction and indexing, have been 
enhanced by advanced approaches like AI-driven 
optimization and hybrid architectures. These 
techniques enable dynamic adjustment of system 
parameters, improving performance and 
resource utilization. 
Scalability is a fundamental requirement for 
social media analytics pipelines. As data volumes 
continue to grow, systems must be capable of 
handling large-scale computations efficiently. 
Distributed computing frameworks such as 
Hadoop and Spark have been widely used to 
address scalability challenges. More recently, 
cloud computing, edge computing, and 
microservices architectures have emerged as 
powerful solutions for enabling scalable and 
flexible data processing. 
The integration of multi-modal data represents 
another significant advancement in social media 
analytics. By combining text, images, videos, and 
network interactions, multi-modal analytics 
pipelines provide richer insights and improve 
decision-making capabilities. However, this 
integration also increases system complexity and 
requires advanced data fusion techniques. 
Despite these advancements, several challenges 
remain. Real-time processing is one of the most 
critical issues, as social media data is 
continuously generated at high speeds. Ensuring 
low-latency processing while maintaining 

accuracy is a significant challenge. Additionally, 
energy efficiency has become an important 
consideration, particularly in large-scale 
distributed systems. 
Privacy and ethical concerns also play a crucial 
role in the design of social media analytics 
pipelines. The use of user-generated data raises 
issues related to data protection and consent. 
Future systems must incorporate privacy-
preserving mechanisms and ensure compliance 
with data protection regulations. 
Future research directions in this field include 
the development of more efficient verification 
mechanisms, advanced optimization techniques, 
and scalable architectures. The integration of 
artificial intelligence and machine learning is 
expected to play a key role in improving system 
performance and adaptability. Additionally, the 
adoption of hybrid computing models that 
combine cloud, edge, and distributed systems 
will further enhance scalability and efficiency. 
In conclusion, social media analytics pipelines 
represent a rapidly evolving field with significant 
potential for innovation. While substantial 
progress has been made, ongoing research is 
essential to address existing challenges and 
develop more robust, efficient, and scalable 
systems. 
 
References 
Sebei, H., Hadj Taieb, M. A., & Ben Aouicha, M. 
(2018). Review of social media analytics process 
and Big Data pipeline. Future Generation 
Computer Systems, 83, 588–605. 
https://doi.org/10.1016/j.future.2017.11.040  

Stieglitz, S., Mirbabaie, M., Ross, B., & Neuberger, 
C. (2018). Social media analytics – Challenges in 
topic discovery, data collection, and data 
preparation. International Journal of Information 
Management, 39, 156–168. 
https://doi.org/10.1016/j.ijinfomgt.2017.12.00
2  

Batrinca, B., & Treleaven, P. C. (2019). Social 
media analytics: A survey of techniques, tools, 
and platforms. AI & Society, 30(1), 89–116. 
https://doi.org/10.1007/s00146-014-0549-4  

Chen, M., Mao, S., & Liu, Y. (2019). Big data: A 
survey. Mobile Networks and Applications, 19(2), 
171–209. https://doi.org/10.1007/s11036-013-
0489-0  

Barrón-Cedeno, A., Elsayed, T., Nakov, P., et al. 
(2020). Overview of CheckThat! Lab on 
automatic identification and verification of 
claims. CLEF Conference Proceedings. 
https://doi.org/10.1007/978-3-030-58219-
7_26  

https://doi.org/10.1016/j.ijinfomgt.2017.12.002
https://doi.org/10.1016/j.ijinfomgt.2017.12.002
https://doi.org/10.1007/s00146-014-0549-4
https://doi.org/10.1007/s11036-013-0489-0
https://doi.org/10.1007/s11036-013-0489-0


International Journal on Advanced Computer Theory and Engineering 

89 

Zaharia, M., Das, T., Li, H., et al. (2020). 
Discretized streams: Fault-tolerant streaming 
computation. ACM SOSP, 423–438. 
https://doi.org/10.1145/2517349.2522737  

Han, J., Pei, J., & Kamber, M. (2020). Data mining 
concepts and techniques. Elsevier. 
https://doi.org/10.1016/C2009-0-61819-5  

Hashem, I. A. T., Yaqoob, I., Anuar, N. B., et al. 
(2021). The rise of big data on cloud computing. 
Information Systems, 47, 98–115. 
https://doi.org/10.1016/j.is.2014.07.006  

Hamilton, W., Ying, Z., & Leskovec, J. (2021). 
Inductive representation learning on large 
graphs. NeurIPS. 
https://doi.org/10.48550/arXiv.1706.02216  

Shu, K., Sliva, A., Wang, S., et al. (2021). Fake news 
detection on social media. ACM SIGKDD 
Explorations, 19(1), 22–36. 
https://doi.org/10.1145/3137597.3137600  

Young, T., Hazarika, D., Poria, S., & Cambria, E. 
(2021). Recent trends in deep learning for NLP. 
IEEE Computational Intelligence Magazine, 13(3), 
55–75. 
https://doi.org/10.1109/MCI.2018.2840738  

Marz, N., & Warren, J. (2021). Big data: Principles 
and best practices. Manning Publications. 
https://doi.org/10.1007/978-1-4842-1326-7  

Baltrusaitis, T., Ahuja, C., & Morency, L. P. (2022). 
Multimodal machine learning: A survey. IEEE 
TPAMI, 41(2), 423–443. 
https://doi.org/10.1109/TPAMI.2018.2798607  

Zheng, Z., Xie, S., Dai, H., et al. (2022). Blockchain 
challenges and opportunities. International 
Journal of Web and Grid Services, 14(4), 352–375. 
https://doi.org/10.1504/IJWGS.2018.095647  

Shi, W., Cao, J., Zhang, Q., et al. (2022). Edge 
computing: Vision and challenges. IEEE Internet 
of Things Journal, 3(5), 637–646. 
https://doi.org/10.1109/JIOT.2016.2579198  

Dean, J., & Ghemawat, S. (2022). MapReduce: 
Simplified data processing. Communications of 
the ACM, 51(1), 107–113. 
https://doi.org/10.1145/1327452.1327492  

Stonebraker, M., et al. (2022). C-Store: Column-
oriented DBMS. VLDB, 553–564. 
https://doi.org/10.14778/1083592.1083598  

Dragoni, N., Giallorenzo, S., Lafuente, A. L., et al. 
(2023). Microservices: Yesterday, today, 

tomorrow. Present and Ulterior Software 
Engineering, 195–216. 
https://doi.org/10.1007/978-3-319-67425-
4_12  

Beloglazov, A., & Buyya, R. (2023). Energy-
efficient resource management. Future 
Generation Computer Systems, 28(5), 755–768. 
https://doi.org/10.1016/j.future.2011.04.017  

Kephart, J. O., & Chess, D. M. (2023). The vision of 
autonomic computing. Computer, 36(1), 41–50. 
https://doi.org/10.1109/MC.2003.1160055  

Satyanarayanan, M. (2023). Edge computing 
vision. IEEE Internet Computing, 21(3), 30–39. 
https://doi.org/10.1109/MIC.2017.50  

Batty, M., Axhausen, K. W., Giannotti, F., et al. 
(2023). Smart cities of the future. European 
Physical Journal Special Topics, 214(1), 481–518. 
https://doi.org/10.1140/epjst/e2012-01703-3  

Carbone, P., Katsifodimos, A., Ewen, S., et al. 
(2023). Apache Flink: Stream processing. IEEE 
Data Engineering Bulletin, 38(4), 28–38. 
https://doi.org/10.1145/3137765.3137777  

Christidis, K., & Devetsikiotis, M. (2023). 
Blockchains and smart contracts. IEEE Access, 4, 
2292–2303. 
https://doi.org/10.1109/ACCESS.2016.2566339  

Zuboff, S. (2023). The age of surveillance 
capitalism. Public Affairs. 
https://doi.org/10.1080/0267257X.2019.1568
811  

Mao, K., Li, J., Zhou, W., et al. (2023). Adaptive big 
data analytics. IEEE Access, 7, 103952–103967. 
https://doi.org/10.1109/ACCESS.2019.2932095  

Lane, N. D., Georgiev, P., & Qendro, L. (2023). 
Deep learning for mobile sensing. IEEE Pervasive 
Computing, 14(2), 32–41. 
https://doi.org/10.1109/MPRV.2015.39  

Lindell, Y. (2023). Secure multiparty 
computation. Communications of the ACM, 64(1), 
86–96. https://doi.org/10.1145/3387108  

Golbeck, J. (2023). Trust and social networks. 
Morgan Kaufmann. 
https://doi.org/10.1016/C2012-0-06112-0  

Chen, X., Zhang, H., & Wu, C. (2023). Energy-
efficient big data processing. Journal of Parallel 
and Distributed Computing, 157, 140–152. 
https://doi.org/10.1016/j.jpdc.2021.07.012  

 

https://doi.org/10.1145/2517349.2522737
https://doi.org/10.1016/C2009-0-61819-5
https://doi.org/10.1016/j.is.2014.07.006
https://doi.org/10.48550/arXiv.1706.02216
https://doi.org/10.1145/3137597.3137600
https://doi.org/10.1109/JIOT.2016.2579198
https://doi.org/10.1007/978-3-319-67425-4_12
https://doi.org/10.1007/978-3-319-67425-4_12
https://doi.org/10.1016/j.future.2011.04.017
https://doi.org/10.1109/MC.2003.1160055
https://doi.org/10.1140/epjst/e2012-01703-3
https://doi.org/10.1145/3387108

