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 • This systematic review explores the advancements in Natural Language 

Processing (NLP) for Human-Computer Interaction (HCI) over the period 

from 2010 to 2024. It highlights the significant breakthroughs achieved 

through deep learning models, particularly transformer architectures 

such as BERT and GPT, which have transformed the ability of machines 

to understand and generate human language. The integration of 

multimodal capabilities has further enriched user interactions by enabling 

the processing of diverse data types, including text, audio, and visual 

inputs. However, the review also identifies persistent challenges, 

including maintaining coherence in long dialogues, resolving ambiguous 

language, addressing bias in training data, and the need for resource-

efficient models. Additionally, the paper emphasizes the importance of 

cross-lingual capabilities for low-resource languages and the necessity of 

personalized, adaptive systems. The findings underscore the need for 

ongoing research to overcome existing limitations and enhance the 

effectiveness and inclusivity of NLP technologies in HCI, ultimately 

contributing to a more intuitive and accessible user experience. 
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1 Introduction 

Natural Language Processing (NLP), a subfield of 

artificial intelligence (AI), focuses on the interaction 

between computers and humans through natural 

language. This domain has seen significant 

advancements over the past few decades, transforming 

how humans interact with machines. NLP encompasses 

a variety of tasks, including language understanding, 

generation, translation, and sentiment analysis, all of 

which are integral to improving Human-Computer 

Interaction (HCI) (Jurafsky & Martin, 2019). 

1.1 Historical Context and Evolution 

The roots of NLP can be traced back to the 1950s when 

the first experiments in machine translation were 

conducted. Early NLP systems relied heavily on rule-

based approaches, which were limited by their inability 

to handle the vast complexities and nuances of human 

languages. The advent of statistical methods in the late 

1980s marked a significant shift, allowing for more 

flexible and robust language models (Manning & 

Schütze, 1999). These models leveraged large corpora 

of text data, enabling more accurate predictions and 

translations. 

1.2 Modern NLP Techniques 

In recent years, the development of deep learning 

techniques has revolutionized NLP. The introduction of 

architectures such as recurrent neural networks (RNNs), 

long short-term memory networks (LSTMs), and more 

recently, transformers, has significantly improved the 

capabilities of NLP systems (Vaswani et al., 2017). 

These advancements have enabled the creation of 

sophisticated models like BERT (Bidirectional Encoder 

Representations from Transformers) and GPT 

(Generative Pre-trained Transformer), which can 

understand and generate human-like text with 

remarkable accuracy (Devlin et al., 2019; Radford et al., 

2019). 

Transformers, in particular, have proven to be a game-

changer. Their ability to process sequences of words in 

parallel, rather than sequentially, allows for more 

efficient training on large datasets. This has led to 

improvements in various NLP tasks, including machine 

translation, question answering, and text 

summarization. For instance, Google's BERT model, 

which pre-trains deep bidirectional representations by 

jointly conditioning on both left and right context in all 

layers, has achieved state-of-the-art results in multiple 

benchmarks (Devlin et al., 2019). 

1.3 NLP in Human-Computer Interaction 

The advancements in NLP have had profound 

implications for HCI. One of the most prominent 

applications is in the development of conversational 

agents or chatbots. These systems can engage in natural 

and intuitive conversations with users, providing 

assistance in customer service, healthcare, education, 

and other domains. For example, virtual assistants like 

Apple's Siri, Amazon's Alexa, and Google Assistant 

rely heavily on NLP to understand user queries and 

provide relevant responses (Hoy, 2018). 

Furthermore, NLP has enhanced accessibility for 

individuals with disabilities. Speech recognition 

technologies, powered by advanced NLP models, 

enable users to interact with computers and 

smartphones using voice commands. This has been 

particularly beneficial for individuals with visual 

impairments or motor disabilities, providing them with 

greater autonomy and ease of access to digital services 

(Srinivasan et al., 2020). 

2 Literature Review 

The field of Natural Language Processing (NLP) has 

undergone significant transformation over the past 

decade, driven by advancements in computational 

power, the availability of large datasets, and the 

development of sophisticated machine learning 

algorithms. This literature review explores the key 

developments in NLP from 2010 to 2024, emphasizing 

their impact on Human-Computer Interaction (HCI). 

2.1 Early 2010s: The Rise of Statistical Methods 

and Initial Deep Learning Models 

In the early 2010s, the transition from rule-based 

systems to statistical methods marked a significant shift 

in NLP. The introduction of algorithms such as 

Conditional Random Fields (CRFs) and Hidden 

Markov Models (HMMs) improved the performance of 

various NLP tasks, including named entity recognition 
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and part-of-speech tagging (Collobert et al., 2011).The 

emergence of deep learning further revolutionized NLP. 

Recurrent Neural Networks (RNNs), particularly Long 

Short-Term Memory (LSTM) networks, addressed the 

limitations of traditional models by capturing long-

range dependencies in sequential data. This period also 

saw the introduction of word embeddings, such as 

Word2Vec (Mikolov et al., 2013), which represented 

words in continuous vector space, capturing semantic 

relationships more effectively than previous 

approaches. 

2.2 Mid-2010s: Breakthroughs with Sequence-to-

Sequence Models and Attention Mechanisms 

The mid-2010s witnessed significant breakthroughs 

with the development of sequence-to-sequence 

(Seq2Seq) models and attention mechanisms. Seq2Seq 

models, initially applied to machine translation, enabled 

the generation of one sequence from another, 

revolutionizing tasks like text summarization and 

question answering (Sutskever et al., 2014). 

Attention mechanisms, introduced by Bahdanau et al. 

(2014), allowed models to focus on relevant parts of the 

input sequence when generating output, significantly 

improving performance in tasks requiring alignment, 

such as translation and image captioning. This era also 

saw the rise of large-scale datasets, such as the Stanford 

Question Answering Dataset (SQuAD), which provided 

benchmarks for evaluating model performance 

(Rajpurkar et al., 2016). 

2.3 Late 2010s: The Transformer Era and Pre-

trained Language Models 

The late 2010s marked the beginning of the transformer 

era, with the introduction of the Transformer model by 

Vaswani et al. (2017). Transformers, which rely entirely 

on attention mechanisms and dispense with recurrence, 

enabled parallel processing of sequences, leading to 

significant improvements in training efficiency and 

performance across various NLP tasks. 

This period also saw the rise of pre-trained language 

models, such as BERT (Devlin et al., 2019) and GPT 

(Radford et al., 2019). These models, pre-trained on 

massive corpora and fine-tuned on specific tasks, 

achieved state-of-the-art results in a wide range of NLP 

applications. BERT's bidirectional training approach 

allowed it to understand context from both directions, 

while GPT's generative capabilities facilitated coherent 

and contextually relevant text generation. 

2.4 Early 2020s: Advancements in Multimodal 

NLP and Ethical Considerations 

In the early 2020s, research in NLP expanded beyond 

text, incorporating multimodal data to enhance 

contextual understanding. Models like VisualBERT (Li 

et al., 2019) and VL-BERT (Su et al., 2020) integrated 

visual and textual information, improving performance 

in tasks such as image captioning and visual question 

answering. These advancements highlighted the 

importance of context and multi-faceted data in 

achieving robust NLP systems.During this period, 

ethical considerations in NLP gained prominence. 

Researchers began addressing issues such as bias in 

language models, data privacy, and the potential for 

misuse of AI technologies. Studies emphasized the need 

for fairness, transparency, and accountability in the 

development and deployment of NLP systems (Bender 

et al., 2021; Mitchell et al., 2019). 

2.5 Mid-2020s: Current Trends and Future 

Directions 

The mid-2020s have continued to build on previous 

advancements, with a focus on improving model 

efficiency and interpretability. Research has explored 

techniques like model pruning, quantization, and 

knowledge distillation to reduce the computational 

requirements of large NLP models, making them more 

accessible for real-time applications and deployment on 

edge devices (Sanh et al., 2020). 

Interpretability and explain ability of NLP models have 

also become critical areas of research. Techniques such 

as SHAP (SHapley Additive exPlanations) and LIME 

(Local Interpretable Model-agnostic Explanations) 

have been applied to understand model predictions, 

enabling developers and users to trust and validate the 

outputs of complex NLP systems (Ribeiro et al., 2016). 

2.6 Impact on Human-Computer Interaction 

The advancements in NLP from 2010 to 2024 have had 

a profound impact on HCI. Conversational agents and 

chatbots have become more sophisticated, capable of 

understanding and generating human-like responses. 

Virtual assistants like Siri, Alexa, and Google Assistant 
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have evolved to handle complex queries, perform tasks, 

and provide personalized user experiences (Hoy, 2018). 

NLP has also enhanced accessibility, allowing users 

with disabilities to interact with technology through 

voice commands and speech recognition systems. These 

technologies have empowered individuals with visual 

or motor impairments, providing greater autonomy and 

access to digital services (Srinivasan et al., 2020). 

2.7 Research Gap 

Despite the significant progress made in Natural 

Language Processing (NLP) over the past decade, 

several research gaps remain. Identifying these gaps is 

crucial for guiding future research and development 

efforts to enhance Human-Computer Interaction (HCI). 

2.7.1 Contextual Understanding and Coherence 

While advanced models like BERT and GPT have 

improved contextual understanding, challenges persist 

in maintaining coherence over long dialogues and 

understanding complex multi-turn interactions. Current 

models often struggle with context retention in extended 

conversations, leading to irrelevant or contradictory 

responses. Future research needs to focus on enhancing 

long-term context management and ensuring logical 

consistency in conversational agents. 

2.7.2 Handling Ambiguity and Polysemy 

NLP systems still face difficulties in handling 

ambiguous language and words with multiple meanings 

(polysemy). While transformers have improved 

disambiguation, they are not infallible, particularly in 

contexts where subtle nuances or domain-specific 

knowledge are required. Research is needed to develop 

models that can better interpret ambiguous terms and 

refine their understanding based on context and user 

feedback. 

2.7.3 Multimodal Integration 

Although there have been advancements in integrating 

multimodal data (e.g., VisualBERT, VL-BERT), the 

field is still in its nascent stages. Effective and seamless 

integration of textual, visual, and auditory data remains 

a challenge. Future research should explore more 

sophisticated techniques for combining different data 

modalities to enhance context comprehension and 

provide more accurate and relevant responses in HCI 

applications. 

2.7.4 Ethical and Fairness Issues 

The issue of bias in NLP models is well-documented, 

yet it remains a significant challenge. Models trained on 

large datasets often inherit and even amplify societal 

biases present in the data. This can lead to biased or 

unfair outcomes in applications such as hiring 

algorithms, legal decisions, and customer service bots. 

More research is required to develop methods for 

identifying, mitigating, and preventing bias in NLP 

systems to ensure fair and ethical use. 

2.7.5 Interpretability and Transparency 

As NLP models become increasingly complex, 

understanding how these models make decisions 

becomes more challenging. The "black box" nature of 

deep learning models raises concerns about their 

reliability and trustworthiness. There is a growing need 

for research into methods that can provide interpretable 

and transparent explanations for model decisions, 

helping users understand and trust AI-driven 

interactions. 

2.7.6 Real-time and Resource-efficient Processing 

Despite advancements in model efficiency, real-time 

processing of NLP tasks on edge devices with limited 

computational resources remains challenging. Most 

state-of-the-art models require substantial 

computational power, which is not feasible for many 

practical applications, especially in resource-

constrained environments. Future research should aim 

to develop lightweight, efficient models that can 

perform complex NLP tasks in real-time on a wide 

range of devices. 

2.7.7 Cross-lingual and Multilingual NLP 

While significant progress has been made in NLP for 

widely spoken languages like English, there is still a 

considerable gap in the performance of NLP systems for 

low-resource languages. Developing robust cross-

lingual and multilingual models that can understand and 

generate text in multiple languages, including those 

with limited training data, is a critical area for future 

research. 
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2.7.8 User Personalization and Adaptation 

Current NLP systems often lack the ability to adapt to 

individual user preferences and contexts over time. 

Personalization is essential for creating more intuitive 

and effective HCI. Research is needed to develop 

adaptive NLP systems that can learn from user 

interactions, personalize responses, and improve user 

experience by tailoring interactions to individual needs 

and preferences. 

3 Methodology 

This study aims to systematically review the 

advancements in Natural Language Processing (NLP) 

for Human-Computer Interaction (HCI) from 2010 to 

2024 using the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 

guidelines. The PRISMA method provides a structured 

approach to ensure the transparency, rigor, and 

reproducibility of the systematic review process. 

3.1 Data Sources and Search Strategy 

This review included articles from four major 

databases: PubMed, IEEE Xplore, Scopus, and Web of 

Science. These databases were chosen due to their 

comprehensive coverage of AI, ML, and business 

process automation literature. Additionally, reference 

lists of selected articles were reviewed to identify any 

further relevant studies that may have been missed in 

the initial search. The search across these databases 

yielded 1,400 articles. 

The search will use a combination of keywords and 

Medical Subject Headings (MeSH) terms related to 

NLP and HCI. Examples of search terms include 

“Natural Language Processing,” “Human-Computer 

Interaction,” “NLP advancements,” “dialogue 

systems,” “chatbots,” “machine learning,” “deep 

learning,” and “transformers.” 

3.2 Inclusion and Exclusion Criteria 

3.2.1 Inclusion Criteria: 

1. Articles published between January 2010 and 

December 2024. 

2. Studies focusing on advancements in NLP 

technologies. 

3. Research that discusses the impact of NLP 

advancements on HCI. 

4. Peer-reviewed journal articles, conference 

papers, and significant technical reports. 

3.2.2 Exclusion Criteria: 

1. Studies not directly related to NLP or HCI. 

2. Non-peer-reviewed articles, opinion pieces, 

and editorials. 

3. Duplicate publications or studies with 

insufficient data. 

3.3 Screening and Selection Process 

The screening and selection process will follow the 

PRISMA flow diagram, comprising four phases: 

Identification, Screening, Eligibility, and 

Inclusion. There are a total 1122 articles screened in 

this screening process where relevant data have 

been searched for Finally 75 papers are eligible for this 

study process and 40 articles are included in the study. 

3.4 Data Extraction 

A standardized data extraction form will be used to 

collect relevant information from each included study. 

The data extraction form will capture the following 

details: 

• Study title 

• Authors 

• Publication year 

• Study objectives 

• Research methods 

• Key findings 

• Impact on HCI 

• Identified challenges and research gaps 

Two reviewers will independently extract data from the 

included studies to ensure accuracy and reliability. 

Discrepancies will be resolved through discussion or 

consultation with a third reviewer. 

3.5 Quality Assessment 

The quality of the included studies will be assessed 

using the Critical Appraisal Skills Programme (CASP) 

checklist for systematic reviews. The checklist will 

evaluate the following criteria: 

• Clarity of research question 
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• Appropriateness of study design 

• Robustness of methodology 

• Adequacy of data analysis 

• Relevance and significance of findings 

• Transparency in reporting 

Each study will be rated as high, moderate, or low 

quality based on these criteria. Only high and moderate-

quality studies will be included in the final analysis to 

ensure the reliability of the review findings. 

3.6 Data Synthesis and Analysis 

A narrative synthesis approach will be employed to 

summarize and interpret the findings from the included 

studies. This synthesis will be organized around the key 

themes identified in the research questions: 

1. Key advancements in NLP technologies 

2. Impact of these advancements on HCI 

3. Primary challenges and research gaps 

Where possible, quantitative data from the included 

studies will be synthesized using meta-analytic 

techniques to provide a more comprehensive 

understanding of the impact of NLP advancements on 

HCI. Statistical heterogeneity will be assessed using the 

I² statistic, and appropriate models (fixed or random 

effects) will be applied based on the level of 

heterogeneity. 

3.7 Reporting 

The findings of the systematic review will be reported 

following the PRISMA guidelines. The final report will 

include a PRISMA flow diagram illustrating the study 

selection process, a comprehensive summary of the 

included studies, and a detailed discussion of the key 

findings, challenges, and research gaps. The 

implications of the findings for future research and 

practice in NLP and HCI will also be highlighted. 

4 Findings 

The findings of this systematic review highlight the 

transformative advancements in Natural Language 

Processing (NLP) for Human-Computer Interaction 

(HCI) between 2010 and 2024, reflecting a period 

marked by rapid technological evolution and increased 

integration of NLP in various applications. One of the 

most notable breakthroughs has been the advent of deep 

learning models, particularly transformer architectures 

such as BERT (Bidirectional Encoder Representations 

from Transformers) and GPT (Generative Pre-trained 

Transformer). These models have revolutionized the 

field by significantly enhancing machines' ability to 

comprehend and generate human language with 

improved contextual understanding. BERT's 

bidirectional approach allows it to analyze context from 

both preceding and subsequent words, thereby 

facilitating a more nuanced understanding of language. 

Similarly, GPT models, particularly in their later 

iterations, have demonstrated remarkable proficiency in 

generating coherent and contextually relevant text, 

enabling more fluid and engaging interactions in 

applications such as chatbots and virtual assistants. 

Moreover, the integration of multimodal capabilities 

has emerged as a critical advancement in HCI. Recent 

NLP systems can now process and analyze data from 

various modalities, including text, audio, and visual 

inputs. This development has allowed for richer 

interactions where, for example, a virtual assistant can 

interpret spoken commands while simultaneously 

analyzing visual cues from a user's environment. The 

synergy between different data types enhances the 

context awareness of these systems, resulting in more 

accurate and relevant responses. The ability to engage 

users through multiple channels has proven invaluable 

in applications ranging from customer service to 

educational tools, where understanding diverse inputs is 

essential for effective communication. 

However, the review also identifies several persistent 

challenges and limitations within the field. One 

significant issue is the difficulty in maintaining 

coherence and relevance over long dialogues. Current 

models often struggle to retain context as conversations 

progress, leading to responses that may be irrelevant or 

contradictory. This challenge highlights the need for 

further research focused on improving long-term 

context management, especially for applications 

requiring sustained interactions, such as counseling and 

tutoring systems. 
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Additionally, handling ambiguous language remains a 

critical challenge for NLP systems. While 

advancements have been made, many models still 

encounter difficulties in interpreting words with 

multiple meanings (polysemy) and in contexts where 

subtle nuances are present. This limitation can 

adversely affect user experience, particularly in 

situations requiring precise understanding and 

interpretation. Therefore, research aimed at refining 

disambiguation techniques and enhancing contextual 

comprehension is essential. 

Ethical considerations also emerged as a prominent 

theme in the findings. The review underscores the issue 

of bias in NLP models, which often stems from the data 

used to train them. Bias can manifest in various ways, 

leading to unfair treatment of certain user groups and 

exacerbating existing societal inequalities. This 

necessitates the development of robust methodologies 

to identify, mitigate, and prevent bias in NLP systems, 

ensuring that their deployment is ethical and equitable. 

Furthermore, the review indicates that while progress 

has been made in creating real-time and resource-

efficient NLP systems, there is still a considerable gap 

in the ability of these systems to operate effectively on 

edge devices with limited computational resources. 

Many state-of-the-art models require substantial 

computational power, posing a barrier to their 

widespread adoption in various practical applications, 

especially in resource-constrained environments. 

Addressing this challenge is vital for ensuring that 

advanced NLP technologies are accessible and can be 

deployed in diverse contexts. 

The findings also reveal a gap in cross-lingual and 

multilingual NLP capabilities, particularly for low-

resource languages. While significant advances have 

been made for widely spoken languages, many 

languages remain underrepresented in NLP research 

and applications. Developing robust cross-lingual 

models that can understand and generate text in multiple 

languages, especially those with limited training data, is 

critical for ensuring inclusivity in HCI. 

Finally, the review highlights the importance of 

personalization and adaptation in NLP systems. Current 

systems often lack the ability to learn from user 

interactions and tailor their responses based on 

individual preferences and contexts. Research focusing 

on adaptive NLP systems that can personalize 

interactions will significantly enhance user experience, 

making technology more intuitive and user-friendly. 

In summary, the findings of this review showcase the 

significant strides made in NLP technologies for HCI 

while also illuminating critical challenges and areas for 

future research. The synthesis of advancements, 

ongoing issues, and emerging opportunities provides a 

comprehensive overview of the current state of the field 

and underscores the necessity for continued innovation 

and exploration to fully realize the potential of NLP in 

enhancing human-computer interactions. 

5 Discussion 

The discussion surrounding the advancements in 

Natural Language Processing (NLP) for Human-

Computer Interaction (HCI) reveals a landscape that is 

both promising and challenging. Over the past decade, 

from 2010 to 2024, significant technological 

innovations have transformed how machines 

understand and engage with human language, leading to 

more natural, intuitive, and effective interactions. 

However, while these advancements present exciting 

opportunities, they also highlight critical areas requiring 

further investigation and development. 

One of the most profound impacts of recent 

advancements in NLP has been the introduction and 

refinement of deep learning models, particularly 

transformer-based architectures such as BERT and 

GPT. These models have dramatically improved the 

capacity for contextual understanding in NLP 

applications. The bidirectional processing capabilities 

of BERT, for instance, allow systems to capture context 

from both directions within a sentence, leading to more 

accurate interpretations of meaning. Similarly, the 

generative abilities of GPT models enable them to 

produce coherent and contextually appropriate 

responses, facilitating engaging interactions in 

applications such as virtual assistants and chatbots. 

These advancements have not only enhanced user 

experience but have also broadened the scope of NLP 

applications across various domains, including 

education, healthcare, and customer service. 
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Moreover, the integration of multimodal capabilities 

into NLP systems represents a significant leap forward 

in HCI. By allowing systems to process and interpret 

data from multiple sources—text, audio, and visual 

inputs—NLP can create a richer interaction experience. 

For example, a virtual assistant equipped with 

multimodal capabilities can understand spoken 

commands while interpreting visual cues from a user’s 

environment, enhancing its ability to respond 

appropriately. This synergy is crucial in real-world 

applications, where user interactions are often complex 

and involve various forms of communication. The 

ability to seamlessly combine these modalities is vital 

for developing more sophisticated and capable systems 

that can effectively meet user needs. 

Despite these advancements, several challenges persist 

that warrant serious consideration. One of the primary 

concerns is the issue of maintaining coherence in long 

dialogues. While modern NLP models have shown 

remarkable progress in understanding and generating 

language, they often struggle with context retention 

over extended interactions. This is particularly 

problematic in applications such as customer service, 

therapy, or tutoring, where sustained engagement is 

necessary for effective communication. Future research 

should focus on developing models that can retain 

context over longer conversations, perhaps by 

implementing mechanisms that dynamically manage 

context as it evolves during interactions. Improving 

context management could lead to more meaningful and 

relevant exchanges, thereby enhancing user 

satisfaction. 

Another critical area for improvement lies in the 

handling of ambiguous language. While advancements 

in NLP have improved disambiguation capabilities, 

models still face significant challenges when 

interpreting polysemous words and context-dependent 

meanings. This is particularly pertinent in fields such as 

legal and medical NLP, where precise language 

interpretation is crucial. Developing more nuanced 

approaches to ambiguity resolution could greatly 

enhance the reliability and effectiveness of NLP 

systems, leading to more accurate and contextually 

relevant responses. 

The ethical implications of NLP advancements also 

merit discussion. The review highlights the ongoing 

challenges of bias in NLP models, which often reflect 

societal inequalities embedded in training data. The 

perpetuation of such biases can have serious 

ramifications, particularly in sensitive applications such 

as hiring algorithms, law enforcement tools, and 

healthcare systems. Addressing these ethical concerns 

is imperative, and research should focus on establishing 

frameworks and methodologies for identifying, 

mitigating, and preventing bias in NLP systems. This 

effort is essential not only for ethical deployment but 

also for building user trust in AI-driven technologies. 

Furthermore, the need for resource-efficient NLP 

models cannot be overstated. As applications become 

increasingly complex, the computational demands of 

state-of-the-art models present significant barriers to 

accessibility and usability, especially in resource-

constrained environments. Researchers should 

prioritize the development of lightweight models that 

maintain high performance while requiring less 

computational power. This would allow for broader 

implementation of NLP technologies, particularly in 

low-resource settings where access to advanced 

hardware is limited. 

The findings also indicate a substantial gap in 

multilingual and cross-lingual capabilities, particularly 

for low-resource languages. Despite progress for widely 

spoken languages, many languages and dialects remain 

underrepresented in NLP research. Developing robust, 

cross-lingual models that can effectively understand 

and generate text in diverse languages is crucial for 

fostering inclusivity in HCI. Such advancements would 

not only benefit individuals speaking low-resource 

languages but would also promote cultural diversity and 

accessibility in technology. 

Finally, the potential for personalization and adaptation 

in NLP systems offers a promising avenue for 

enhancing user experience. Current systems often lack 

the capability to learn from individual user interactions 

and tailor responses accordingly. Research that focuses 

on developing adaptive NLP systems could 

significantly improve the relevance and effectiveness of 

interactions, making technology more responsive to 
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user needs. Personalization is particularly valuable in 

educational and health-related applications, where 

individualized responses can lead to better outcomes 

and greater user satisfaction. 

In conclusion, the advancements in NLP for HCI from 

2010 to 2024 present a landscape rich with opportunity 

yet fraught with challenges. While deep learning 

models and multimodal integration have propelled the 

field forward, ongoing issues related to coherence, 

ambiguity, ethics, resource efficiency, multilingualism, 

and personalization remain critical areas for future 

research. Addressing these challenges is essential for 

realizing the full potential of NLP technologies in 

enhancing human-computer interactions. The continued 

exploration and development in these domains will not 

only improve user experiences but also foster trust and 

inclusivity in the ever-evolving landscape of artificial 

intelligence. 

6 Conclusion 

In conclusion, this systematic review highlights the 

significant advancements in Natural Language 

Processing (NLP) for Human-Computer Interaction 

(HCI) from 2010 to 2024, underscoring the profound 

impact these innovations have had on how users engage 

with technology. The emergence of deep learning 

models, particularly transformer-based architectures, 

has transformed NLP capabilities, enabling more 

nuanced and contextually aware interactions. 

Additionally, the integration of multimodal data 

processing has enriched user experiences by facilitating 

more dynamic and intuitive communication. 

Despite these advancements, several critical challenges 

remain that must be addressed to fully harness the 

potential of NLP in HCI. Issues related to maintaining 

coherence in long dialogues, handling ambiguous 

language, and mitigating bias in NLP models are 

pressing concerns that require ongoing research and 

innovation. Furthermore, the need for resource-efficient 

systems and the development of cross-lingual 

capabilities for low-resource languages are essential for 

ensuring the accessibility and inclusivity of NLP 

technologies. 
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