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Abstract - Automation has emerged as a crucial factor in gaining a competitive edge in the constantly evolving business 

environment we find ourselves in today. Its significance goes beyond just improving efficiency. The fusion of Robotic Process 

Automation (RPA), Artificial Intelligence (AI), Machine Learning (ML), Process Mining, and Natural Language Processing 

(NLP) has given rise to what is now referred to as hyperautomation. This cutting-edge approach amalgamates these 

technologies' strengths to optimize operational processes and enable organizations to make real-time data-driven decisions. 

The transition from traditional automation to hyperautomation represents a major change in how businesses tackle operational 

workflows. Leveraging RPA, AI, ML, OCR, and NLP in unison empowers enterprises to streamline complex tasks, enhance 

predictive analytics, and fundamentally revolutionize how data is utilized. Businesses find integrating these technologies 

essential for gaining a competitive advantage. This paper seeks to investigate the various stages underlying the evolution of 

automation to hyperautomation, outline the conceptual hyperautomation architecture, and offer insights into how 

organizations can harness the power of Robotic Process Automation (RPA), Artificial Intelligence (AI), Machine Learning 

(ML), and Natural Language Processing (NLP) to achieve optimal operational efficiency. Through measurable KPIs and 

benefits, the paper aims to underscore the profound impact of hyperautomation, shedding light on the transformative potential 

of this paradigm shift in automation. Overall, the paper serves as a valuable resource for understanding the stages and 

architecture of hyperautomation, shedding light on its potential implications for organizations seeking to achieve operational 

excellence. 

Keywords - Artificial Intelligence, Hyperautomation, Intelligent Automation, Process Mining, Robotic Process Automation 

(RPA). 

1. Introduction  
The concept of hyperautomation has revolutionized the 

way businesses operate in today's dynamic environment. By 

integrating Robotic Process Automation (RPA), Artificial 

Intelligence, Machine Learning, and Natural Language 

Processing (NLP), organizations can now achieve 

unprecedented levels of operational efficiency and agility [5]. 

This introduction will explore the fundamental principles of 

hyperautomation and its transformative potential, outlining 

how these technologies are reshaping the future of work and 

decision-making processes in businesses across various 

industry sectors. The emerging technologies of RPA, 

machine learning, and artificial intelligence are driving the 

evolution of automation toward hyperautomation [2]. As 

companies focus on digital innovation, RPA has attracted 

widespread attention in many industries [1]. RPA utilizes 

software robots, sometimes called "bots," to automate 

repetitive activities, minimize human error and enhance 

productivity [2].  

2. Understanding Hyperautomation and its 

Components  
Hyperautomation is the next stage in the evolution of 

automation, combining robotic process automation with 

artificial intelligence, machine learning, and natural language 

processing. This synergy of technologies enables 

organizations to automate repetitive tasks and complex 

decision-making processes and analysis. This leads to 

increased operational efficiency, reduced costs, and 

improved productivity [5]. 

 

2.1. Robotic Process Automation (RPA) 

Robotic Process Automation (RPA) utilizes software 

bots to automate repetitive processes based on rules [8]. 

http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Swaroop Raj Gunisity / IJCTT, 72(3), 76-83, 2024 

 

77 

These bots interact with IT systems like people. These 

automated systems perform a range of functions, including 

inputting data and generating reports, improving corporate 

processes' effectiveness and precision. RPA's versatility 

enables its application in various fields, such as finance and 

customer service, facilitating straightforward and intricate 

operations. RPA enhances operational efficiency by 

following predetermined rules and implementing data 

validation, minimizing human error. In addition, RPA 

establishes the foundation for hyperautomation, enabling the 

integration of AI, ML, and NLP technologies to cultivate a 

sophisticated automation ecosystem for enhanced operational 

efficiency and well-informed decision-making. 

2.2. Artificial Intelligence Machine Learning (AI) in 

Automated Systems  

Artificial Intelligence (AI) and Machine Learning (ML) 

play a crucial role in driving the shift toward 

hyperautomation [9]. AI involves simulating human 

intelligence processes, while machine learning focuses on 

creating algorithms and statistical models that allow systems 

to complete tasks without direct programming. When 

integrated into hyperautomation, AI and ML enable 

organizations to automate cognitive tasks, predictive 

analytics, and decision-making processes. AI and ML 

algorithms can analyze large volumes of data to identify 

patterns, make predictions, and continuously improve 

decision-making processes. For instance, in the finance 

sector, AI and ML can be leveraged for fraud detection, risk 

assessment, and personalized customer experiences. 

Furthermore, AI and ML enhance operational efficiency by 

automating complex processes, enabling proactive problem-

solving, and supporting data-driven decision-making. 

 

2.2.1. Natural Language Processing (NLP) 

Natural Language Processing [NLP] is a field of artificial 

intelligence that centers around the interaction between 

computers and human language [10]. The area covers a broad 

spectrum of applications, including automatic speech 

recognition, machine translation, sentiment analysis, and text 

generation [10]. One of the fundamental concepts in NLP is 

the processing of unstructured human language data, which 

involves tokenization, part-of-speech tagging, syntactic 

analysis, and semantic understanding. These techniques 

enable machines to extract meaningful information from text 

data and make sense of human language. In recent years, 

there have been notable advancements in NLP, especially due 

to the emergence of deep learning models like recurrent 

neural networks and transformers. These models have 

significantly enhanced the accuracy and capabilities of NLP 

systems. Additionally, the availability of large-scale pre-

trained language models, such as BERT and GPT-3, has 

further propelled progress in natural language understanding 

and generation [11].  

Natural Language Processing (NLP) is another integral 

component of hyperautomation. NLP is centered on the 

interaction between computers and human language, 

allowing systems to comprehend, interpret, and produce 

human language [9]. Organizations can automate tasks such 

as language translation, sentiment analysis, and text 

classification by integrating NLP into automation processes. 

This capability is particularly valuable in customer service, 

content analysis, and information retrieval applications. 

 
The evolution from traditional automation to 

hyperautomation is driven by the strategic integration of 

Robotic Process Automation (RPA), Artificial Intelligence, 

Machine Learning, and Natural Language Processing. This 

combination enables firms to reach peak operational 

efficiency, base decisions on data, and greatly improve their 

competitive edge in the fast-changing business environment. 

 

2.3. Process Mining 

Process Mining technology involves the use of 

specialized algorithms to analyze event data recorded by 

information systems such as ERP, CRM, and workflow 

management systems [12]. By examining these event logs, 

process mining technology can reconstruct the actual 

processes, identify bottlenecks or inefficiencies, and provide 

insights for process optimization and automation. This results 

in automatically constructing process models from event 

data. This allows organizations to gain a clear understanding 

of their existing processes without the need for manual 

documentation. Process mining also includes conformance 

checking, which involves comparing the actual execution of 

a process with the prescribed or ideal process model. Any 

deviations or non-conformities can be identified, enabling 

organizations to take corrective actions. 

 

Furthermore, process mining technology offers 

enhanced visualization capabilities, allowing stakeholders to 

gain a comprehensive view of the processes and their 

performance. This includes various types of process maps, 

such as flowcharts, Petri nets, and Gantt charts that provide 

different perspectives on process behavior.  

 

2.4. Intelligent Document Processing (IDP) 

Intelligent Document Processing (IDP) is a technology 

that involves the integration of Optical Character 

Recognition (OCR), Natural Language Processing (NLP), 

and machine learning to extract and analyze data from 

documents in an automated manner [13]. This technology can 

intelligently process various documents, such as invoices, 

contracts, and forms, to extract relevant information and 

perform tasks like data entry and classification, improving 

overall operational efficiency. 

 

IDP utilizes OCR to convert different types of 

documents into machine-readable text, enabling the 

extraction of relevant information [13]. NLP techniques are 
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then applied to comprehend the context and meaning of the 

extracted text, allowing for deeper analysis and interpretation 

of the document content. Machine learning techniques help 

the system to consistently learn and enhance its accuracy in 

extracting and categorizing data, therefore improving the 

efficiency of document processing. 

 

By automating the extraction of data from documents, 

IDP not only minimizes manual intervention but also 

significantly improves the accuracy and efficiency of 

document-intensive processes. Additionally, the integration 

of IDP into organizational workflows facilitates streamlined 

and error-free data entry and retrieval, leading to enhanced 

productivity and cost savings across various business 

functions. 

 
Fig. 1 This represented the various components of Hyperautomation 

 

3. Stages of Hyperautomation  
The journey of hyperautomation can be divided into 

several stages, each representing a progression toward higher 

levels of automation, integration, and optimization. These 

stages are essential for organizations to advance their 

automation capabilities systematically and derive maximum 

value from hyperautomation technologies [4] [9]. The 

various stages have been illustrated in Fig.2 of the journal.  

The detailed diagram has been illustrated in Figure 2 of 

the journal. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 2 The various stages of Hyperautomation and the technologies aligned for each stage 
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Note: This diagram was demonstrated by Swaroop Raj in 2024. This illustrates the various stages 

of Automation and the corresponding technologies alligned with each stage 
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3.1. Discovery 

The discovery phase involves identifying and analyzing 

existing processes and workflows within an organization. 

The objectives of this phase include understanding the 

current state of operations, identifying bottlenecks and 

inefficiencies, and uncovering opportunities for automation 

[14]. The outcomes of this phase are crucial as they provide 

the foundation for further stages of hyperautomation 

implementation. The discovery stage involves the use of 

Process Mining, Predictive Analytics, and Process Analytics.  

Process Mining enables organizations to analyze event 

logs and extract data-driven insights to gain a comprehensive 

understanding of their existing business processes [12].  

Predictive Analytics leverages historical data and 

statistical algorithms to forecast future trends, identify 

potential issues, and optimize decision-making.  

Process Analytics provides real-time visibility into 

process performance, enabling continuous monitoring and 

improvement [15].  

Together, these components play a pivotal role in 

identifying automation opportunities, streamlining 

workflows, and laying the foundation for successful 

implementation of hyperautomation. Automation 

technologies like artificial intelligence and machine learning 

are used in the discovery phase of hyperautomation to 

examine event logs, predict future trends, and recognize 

patterns in process efficiency. 

3.2. Digital Process Automation 

In the Digital Process Automation stage of the 

hyperautomation journey, organizations focus on automating 

the processes and decisions identified during the discovery 

stage. This involves the use of technologies such as workflow 

automation, business rule management, and case 

management to streamline and optimize digital processes, 

driving efficiency and agility across the business. The use of 

digital process automation technologies enables 

organizations to eliminate manual and repetitive tasks, reduce 

errors, and improve overall operational efficiency. 

 

Digital Process Automation encompasses a range of 

advanced technologies such as Robotic Process Automation 

(RPA), Low Code/No Code platforms, Business Process 

Management Systems (BPMS), and Business Rules 

Management Systems (BRMS).  

 

Robotic Process Automation (RPA) automates 

repetitive, rule-based tasks by emulating human interactions 

with digital systems, leading to significant gains in 

operational efficiency and accuracy [8].  

Low-code / No-code platforms empower business users 

to create applications and automate processes with minimal 

coding, accelerating the development and deployment of 

automation solutions [16].  

Business Process Management Systems (BPMS) provide 

a framework for modeling, executing, and optimizing 

business processes, enabling organizations to orchestrate 

complex workflows and integrate disparate systems 

seamlessly.  

Business Rules Management Systems (BRMS) tools 

facilitate the automation of decision-making processes by 

leveraging data, business rules, and predictive analytics to 

drive intelligent, automated decisions at scale.  

Together, these components form the foundation of 

Digital Process Automation, enabling organizations to 

achieve higher levels of agility, responsiveness, and 

productivity in their automated processes.  

3.3. Cognitive Automation  

Cognitive automation is an advanced stage in the 

hyperautomation journey that encompasses the use of 

sophisticated technologies such as Natural Language 

Processing (NLP), Optical Character Recognition (OCR), 

Chatbots, and Virtual Agents.  

Natural Language Processing (NLP) allows systems to 

interpret and analyze human language, enabling them to 

understand, interpret, and respond to unstructured data in a 

natural and meaningful way. This capability is crucial for 

automating tasks that involve processing and understanding 

textual data, such as customer queries, feedback analysis, and 

document processing.  

Optical Character Recognition (OCR) is crucial for 

automating tasks that require converting printed or 

handwritten text into machine-readable text, enabling the 

extraction and digitalization of important information from 

physical documents. This is particularly valuable in scenarios 

where large volumes of documents need to be processed and 

analyzed, such as in financial services, healthcare, and legal 

industries. 

Chatbots and Virtual Agents leverage NLP and machine 

learning to interact with users and provide automated 

assistance. They are capable of handling a variety of queries, 

completing tasks, and starting processes based on user input. 

This greatly minimizes the necessity for human involvement 

in mundane tasks and improves customer service 

experiences. 
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Incorporating these advanced technologies in the 

Cognitive Automation stage significantly expands the scope 

of automation capabilities, enabling organizations to handle 

complex, unstructured data and interactions with greater 

efficiency and accuracy, ultimately driving higher levels of 

operational productivity and customer satisfaction. 
 

3.4. Hyperautomation  

In the final stage of hyperautomation, advanced and 

complex machine learning techniques are integrated to 

further enhance automation capabilities. This stage 

incorporates cutting-edge technologies such as neural 

networks, computer vision, and Internet Of Things (IoT) 

sensors to enable advanced levels of automation and 

decision-making.  

 

Neural networks, a key component of artificial 

intelligence, are utilized to learn and adapt to complex 

patterns and data, enabling systems to make intelligent 

decisions and predictions autonomously.  
 

Computer vision technologies enable machines to 

interpret and understand the visual world, allowing for 

automated analysis of images and videos, which is crucial in 

various industries such as manufacturing, healthcare, and 

security.  
 

Internet Of Things (IoT) sensors play a critical role in 

gathering real-time data from physical assets and 

environments, which can be leveraged for automated 

monitoring, control, and optimization of processes. The 

integration of these advanced technologies in the final stage 

of hyperautomation empowers organizations to achieve 

unprecedented levels of process automation, operational 

efficiency, and strategic decision-making.  
 

The stages of hyperautomation, from discovery to 

hyperautomation, encompass the use of advanced 

technologies discussed above to drive operational efficiency, 

agility, and productivity. These stages enable organizations 

to identify automation opportunities, streamline workflows, 

handle complex data, and achieve unprecedented levels of 

process automation, ultimately leading to enhanced decision-

making and overall business success. This facilitates 

organizations to streamline their processes, reduce manual 

errors, and optimize resource allocation resulting in cost 

savings and improved productivity, ultimately leading to a 

more agile and competitive business operation. In general, 

striving for hyperautomation enables organizations to reach 

increased levels of efficiency, accuracy, and productivity. 

 

4. Conceptual Architecture of 

Hyperautomation  
The technical architecture of a hyperautomation project 

involves a detailed framework that enables the smooth 

integration and coordination of different automation 

technologies and components. This architecture is essential 

for enabling organizations to achieve the full potential of 

hyperautomation and drive transformative changes in 

business processes and decision-making [4].  

The abstract architecture diagram has been illustrated in 

Figure 3 of the journal. 

 

4.1. Automation Orchestrator 

At the heart of the hyperautomation architecture lies the 

automation orchestrator, which serves as a centralized 

platform for managing and orchestrating diverse automation 

technologies. The orchestrator provides capabilities for 

designing, deploying, and monitoring automated processes 

across the organization. It enables the coordination of RPA 

bots, AI/ML models, NLP engines, and other automation 

tools to work in concert, ensuring smooth execution and 

optimization of end-to-end business workflows [3]. 

4.2. Integration Framework 

A robust integration framework forms the backbone of 

the hyperautomation architecture, enabling seamless 

connectivity and data exchange between disparate systems, 

applications, and data sources. This framework facilitates the 

integration of diverse technologies, ranging from legacy 

systems to modern cloud-based applications, to ensure a 

unified automation ecosystem. By establishing seamless 

integration, organizations can automate cross-system 

processes and leverage data from various sources to drive 

intelligent decision-making. 

4.3. Cognitive Services Layer 

The architecture incorporates a cognitive services layer 

that encompasses NLP engines, computer vision modules, 

and other cognitive technologies to enable advanced 

automation capabilities. This layer empowers automated 

systems to comprehend natural language, process visual 

information, and interact with users in a human-like manner. 

By leveraging cognitive services, organizations can automate 

tasks that require language understanding, sentiment 

analysis, image recognition, and interpretation of 

unstructured data, thereby enhancing the scope and 

intelligence of automated processes. 

 

4.4. Data Management and Analytics 

Effective hyperautomation architecture includes robust 

data management and analytics capabilities to support data-

driven automation and decision-making. This part includes 

tools for data storage, processing, and analytics that help 

organizations utilize data to optimize processes, identify 

patterns, and gain insights. By leveraging advanced analytics, 

organizations can continuously improve automated 

workflows and drive innovation through data-driven 

optimization. 
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Fig. 3 Abstract Diagram of a Hyperautomation setup 

 

4.5. Security and Compliance Framework 

Ensuring the protection of sensitive data and adherence 

to regulatory requirements is a crucial component of the 

hyperautomation architecture. This framework encompasses 

robust security measures, access controls, encryption 

mechanisms, and compliance monitoring tools to safeguard 

automated processes and maintain data integrity. By 

embedding security and compliance measures within the 

architecture, organizations can mitigate risks and build trust 

among customers and stakeholders. 

4.6. Scalability and Flexibility 

The architecture of a hyperautomation project should be 

designed with scalability and flexibility in mind to 

accommodate evolving business needs and technological 

advancements. Scalable architecture allows organizations to 

expand their automation capabilities seamlessly, adapting to 

increasing workloads and diverse business requirements. 

Moreover, flexibility in the architecture enables the 

incorporation of new automation technologies and 

adjustments to meet changing organizational needs and 

industry trends. 

4.7. Continuous Monitoring and Feedback 

In line with the earlier strategies, the technical 

architecture of hyperautomation should establish 

mechanisms for continuous monitoring of automated 

processes. This involves implementing monitoring tools, 

performance dashboards, and analytics capabilities to track 

the efficiency, accuracy, and utilization of automated 

workflows. Additionally, gathering feedback from end-users 

and stakeholders is crucial for identifying areas of 

improvement and aligning automation with organizational 

objectives. By integrating continuous monitoring and 

feedback mechanisms within the architecture, organizations 

can drive iterative improvements and optimization of 

automated systems, ensuring their sustained alignment with 

business goals. 

5. Measuring the impact of Hyperautomation 

on Operational Efficiency  
When considering the impact of hyperautomation on 

operational efficiency, it's essential to measure Key 

Performance Indicators (KPIs) to assess the tangible benefits. 

KPIs such as cost savings, reduction in processing time, error 

rates, and resource utilization can provide valuable insights 

into the effectiveness of hyperautomation implementation. 

Additionally, organizations should also consider qualitative 

factors such as improved decision-making, enhanced 

customer experience, and employee satisfaction. By 

establishing a comprehensive framework for measuring the 

impact of hyperautomation, organizations can effectively 

evaluate the success of their automation initiatives and make 

informed decisions for continuous improvement and 

optimization. The below table outlines some of the Key 

Performance Indicators (KPIs) that could be used to measure.  



Swaroop Raj Gunisity / IJCTT, 72(3), 76-83, 2024 

 

82 

Table 1. KPIs for measuring operational efficiency 

Key Performance 

Indicators (KPIs) 
Definition Evaluation Method 

Labor Cost Savings 
Reduction in expenses related to employee 

wages and benefits. 
Financial analysis 

Processing Time Savings 
Decrease in the amount of time required to 

complete a process. 
Time tracking, Process mapping 

Resource Allocation 

Efficiency 

Improvement in the use of assets and 

resources for optimal output. 

Efficiency metrics, Resource 

utilization analysis 

Error Rate Reduction 
Reduction in the percentage of errors 

encountered during process execution. 

Error tracking, Quality control 

metrics 

Process Cycle Time 
Time required to complete a process from 

start to finish. 
Time tracking, Process analysis 

Process Accuracy 
Increase in the precision and correctness 

of process outcomes. 

Quality assurance tests, Accuracy 

metrics 

Customer Satisfaction 
Degree of customer contentment with 

services or products. 
Surveys, Feedback scores 

Employee Satisfaction 
Level of workforce contentment and 

morale. 

Surveys, Turnover rates, Engagement 

metrics 

Decision-Making Speed 
Reduction in the time required to make 

and implement decisions. 
Decision time tracking, Case studies 

Compliance Adherence 
Ability to comply with directives, 

regulations, and security requirements. 

Compliance audits, Regulatory 

review 

Revenue Growth 
Increase in the company's sales and 

income over time. 
Financial performance analysis 

Adoption Rate 
The rate at which employees take up a 

new technology or process. 
Usage metrics, Adoption surveys 

6. Conclusion 
In conclusion, the evolution of automation to 

hyperautomation represents a significant advancement in 

leveraging Process Mining, RPA, AI, ML, IDP, OCR, BPM, 

BRMS, IoTs, and NLP for optimal operational efficiency. 

The integration of these advanced technologies, scalable 

architecture, and robust governance frameworks enables 

organizations to orchestrate a cohesive and intelligent 

automation ecosystem that drives strategic decision-making 

and operational excellence. 

Hyperautomation is optimal for operational efficiency 

due to its comprehensive framework that encompasses 

seamless integration of disparate systems, cognitive services 

for advanced automation capabilities, robust data 

management and analytics, a security and compliance 

framework, scalability and flexibility, as well as continuous 

monitoring and feedback mechanisms. Integrating different 

technologies and systems allows firms to automate activities 

across platforms and utilize data from several sources, 

resulting in informed decision-making. The inclusion of a 

cognitive services layer empowers automated systems to 

comprehend natural language, process visual information, 

and interact with users in a human-like manner, thereby 

enhancing the scope and intelligence of automated processes. 

Moreover, the robust data management and analytics 

capabilities support data-driven automation and decision-

making, allowing organizations to continuously improve 

workflows and drive innovation through data-driven 

optimization. The integration of a security and compliance 

framework ensures the protection of sensitive data and 

adherence to regulatory requirements, mitigating risks and 

building trust among customers and stakeholders. 

Scalability and flexibility in the architecture 

accommodate evolving business needs and technological 

advancements, allowing organizations to expand their 

automation capabilities seamlessly and incorporate new 

automation technologies. Furthermore, the establishment of 

mechanisms for continuous monitoring and feedback enables 

organizations to drive iterative improvements and 

optimization of automated systems, ensuring their sustained 

alignment with business goals. By measuring the impact of 

hyperautomation on operational efficiency through KPIs 

such as cost savings, reduction in processing time, error rates, 

resource utilization, and qualitative factors like improved 

decision-making and customer and employee satisfaction, 

organizations can effectively evaluate the success of their 

automation initiatives and make informed decisions for 

continuous improvement and optimization. 
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In summary, hyper automation's holistic approach to 

automation, incorporating advanced technologies, data-

driven insights, security measures, scalability, and 

continuous improvement mechanisms, makes it optimal for 

achieving operational efficiency and driving successful 

digital transformation within organizations.

References   
[1] Tathagata Chakraborti et al., “From Robotic Process Automation to Intelligent Process Automation: Emerging Trends,” International 

Conference on Business Process Management, pp. 215-228, 2020. [CrossRef] [Google Scholar] [Publisher Link] 

[2] Manishkumar Gami et al., “Robotic Process Automation – Future of Business Organizations: A Review,” 2nd International Conference on 

Advances in Science & Technology, Mumbai, India, pp. 1-4, 2019. [CrossRef] [Google Scholar] [Publisher Link] 

[3] AkhilSahai, A Small Step with RPA, A Giant Leap with Hyperautomation, 2021. [Online]. Available: 

https://www.datasciencecentral.com/a-small-step-with-rpa-a-giant-leap-with-hyperautomation/  

[4] Somayya Madakam, Rajesh M. Holmukhe, and Rajeev Kumar Revulagadda, “The Next Generation Intelligent Automation: 

Hyperautomation,” Journal of Information Systems and Technology Management, vol. 19, pp. 1-19, 2022. [CrossRef] [Google Scholar] 

[Publisher Link] 

[5] Century Software, Revolutionizing Workflows: How Robotic Process Automation is Changing Business, Medium, 2023. [Online]. 

Available: https://medium.com/@centurysoftware/revolutionizing-workflows-how-robotic-process-automation-is-changing-business-

ff65ce053105 

[6] Transforming Business Efficiency with Robotic Process Automation (RPA), Subscribed.fyi, 2023. [Online]. Available: 

https://subscribed.fyi/blog/transforming-business-efficiency-with-robotic-process-automation-rpa/  

[7] Future of Automation: AI and RPA Consulting Insights, Redresscompliance, 2024. [Online]. Available: 

https://redresscompliance.com/future-of-automation-ai-and-rpa-consulting-insights/  

[8] Lukas-Valentin Herm et al., “A Consolidated Framework for Implementing Robotic Process Automation Projects,” Business Process 

Management, vol. 12168, pp. 471-488, 2020. [CrossRef] [Google Scholar] [Publisher Link] 

[9] Abid Haleem et al., “Hyperautomation for the Enhancement of Automation in Industries,” Sensors International, vol. 2, pp. 1-9, 2021. 

[CrossRef] [Google Scholar] [Publisher Link] 

[10] Alpa Reshamwala, Dhirendra Mishra, and Prajakta Pawar, “Review on Natural Language Processing,” IRACST – Engineering Science and 

Technology: An International Journal, vol. 3, no. 1, pp. 113-116, 2013. [Google Scholar]  

[11] Bonan Min et al., “Recent Advances in Natural Language Processing via Large Pre-Trained Language Models: A Survey,” ACM 

Computing Surveys, vol. 56, no. 2, pp. 1-40, 2023. [CrossRef] [Google Scholar] [Publisher Link] 

[12] Michael Alles, Mieke Julie Jans, and Miklos A. Vasarhelyi, “Process Mining: A New Research Methodology for AIS,” CAAA Annual 

Conference, pp. 1-16, 2011. [CrossRef] [Google Scholar] [Publisher Link] 

[13] A. Martínez-Rojas et al., “Intelligent Document Processing in End-to-End RPA Contexts: A Systematic Literature Review,” Confluence 

of Artificial Intelligence and Robotic Process Automation, vol. 335, pp. 95-131, 2023. [CrossRef] [Google Scholar] [Publisher Link] 

[14] Matej Puchovsky, Claudio Di Ciccio, and Jan Mendling, “A Case Study on the Business Benefits of Automated Process Discovery,” CEUR 

Workshop Proceedings, pp. 1-16, 2015. [Google Scholar] [Publisher Link] 

[15] Pavlos Delias, Michael Doumpos, and Nikolaos Matsatsinis, “Business Process Analytics: A Dedicated Methodology through a Case 

Study,” EURO Journal on Decision Processes, vol. 3, no. 3, pp. 357-374, 2015. [CrossRef] [Google Scholar] [Publisher Link] 

[16] Gabriel Juhás et al., “Low-Code Platforms and Languages: The Future of Software Development,” 20th International Conference on 

Emerging eLearning Technologies and Applications, Stary Smokovec, Slovakia, pp. 286-293, 2022. [CrossRef] [Google Scholar] 

[Publisher Link] 

[17] iBPM—Intelligent Business Process Management, pp. 353-365, 2015. [Google Scholar] 

[18] Matthew L. Nelson, Robert L. Rariden, and Ravi Sen, “A Lifecycle Approach towards Business Rules Management,” Proceedings of the 

41st Annual Hawaii International Conference on System Sciences, Waikoloa, HI, USA, pp. 113-113, 2008. [CrossRef] [Google Scholar] 

[Publisher Link] 

[19] Dimitrios Nikolaou Koumparoulis, “Key Performance Indicators (KPI): A Commentary,” International Journal of Management Sciences, 

vol. 1, no. 1, pp. 30-30, 2012. [Google Scholar] [Publisher Link] 

[20] Rodrigo Gomes, Vasco Amaral, and Fernando Brito e Abreu, “Combining Different Data Sources for IIoT-Based Process Monitoring,” 

Proceedings of International Conference on Information Technology and Applications, vol. 614, pp. 111-121, 2023. [CrossRef] [Google 

Scholar] [Publisher Link] 

 

https://doi.org/10.1007/978-3-030-58779-6_15
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=From+Robotic+Process+Automation+to+Intelligent+Process+Automation%3A+Emerging+Trends&btnG=
https://link.springer.com/chapter/10.1007/978-3-030-58779-6_15
https://doi.org/10.2139/ssrn.3370211
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=Robotic+Process+Automation+%E2%80%93+Future+of+Business+Organizations%3A+A+Review&btnG=
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3370211
http://dx.doi.org/10.4301%2Fs1807-1775202219009
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=The+Next+Generation+Intelligent+Automation%3A+Hyperautomation.+Journal+of+Information+Systems+and+Technology+Management&btnG=
https://www.tecsi.org/jistem/index.php/jistem/article/view/3201/754
https://doi.org/10.1007/978-3-030-58666-9_27
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=A+Consolidated+Framework+for+Implementing+Robotic+Process+Automation+Projects&btnG=
https://link.springer.com/chapter/10.1007/978-3-030-58666-9_27
https://doi.org/10.1016/j.sintl.2021.100124
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Hyperautomation+for+the+Enhancement+of+Automation+in+Industries&btnG=
https://www.sciencedirect.com/science/article/pii/S2666351121000450
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Review+on+natural+language+processing&btnG=
https://doi.org/10.1145/3605943
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=Recent+Advances+in+Natural+Language+Processing+via+Large+Pre-Trained+Language+Models%3A+A+Survey+26+Jun+2023-ACM+Computing+Surveys+%28ACM+Computing+Surveys%29-&btnG=
https://dl.acm.org/doi/abs/10.1145/3605943
https://doi.org/10.2139/ssrn.1746926
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=Process+Mining%3A+A+New+Research+Methodology+for+AIS+Michael+Alles1%2C+Mieke+Jans2%2C+Miklos+A.+Vasarhelyi1&btnG=
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=1746926
https://doi.org/10.1007/978-981-19-8296-5_5
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=Intelligent+Document+Processing+in+End-to-End+RPA+Contexts%3A+A+Systematic+Literature+Review+Thomas+F.+Remington&btnG=
https://link.springer.com/chapter/10.1007/978-981-19-8296-5_5
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+Case+Study+on+the+Business+Benefits+of+Automated+Process+Discovery&btnG=
https://ceur-ws.org/Vol-1757/paper3.pdf
https://doi.org/10.1007/s40070-015-0050-4
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=Business+process+analytics%3A+a+dedicated+methodology+through+a+case+study+Pavlos+Delias1%2C+Michael+Doumpos2%2C+Nikolaos+F.+Matsatsinis2&btnG=
https://link.springer.com/article/10.1007/s40070-015-0050-4
https://doi.org/10.1109/ICETA57911.2022.9974697
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=Low-code+platforms+and+languages%3A+the+future+of+software+development&btnG=
https://ieeexplore.ieee.org/abstract/document/9974697
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=iBPM+-+Intelligent+Business+Process+Management&btnG=
https://doi.org/10.1109/HICSS.2008.25
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=A+Lifecycle+Approach+towards+Business+Rules+Management+Matthew+L.+Nelson1%2C+Robert+L.+Rariden1%2C+Ravi+Sen2&btnG=
https://ieeexplore.ieee.org/document/4438816/
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Key+Performance+Indicators+%28KPI%29%3A+A+Commentary&btnG=
https://ideas.repec.org/a/rss/jnljms/v1i1p5.html
https://doi.org/10.1007/978-981-19-9331-2_10
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=Combining+Different+Data+Sources+for+IIoT-Based+Process+Monitoring+Laura+Regairaz1&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C41&q=Combining+Different+Data+Sources+for+IIoT-Based+Process+Monitoring+Laura+Regairaz1&btnG=
https://link.springer.com/chapter/10.1007/978-981-19-9331-2_10

