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ABSTRACT 

This systematic review critically examines the evolving role of AI-powered sentiment 

analysis in optimizing digital marketing strategies, with a specific focus on its application 

within customer feedback loops in IT service environments. In the era of data-driven 

marketing, the ability to decode consumer emotions from unstructured textual 

sources—such as social media, product reviews, helpdesk transcripts, and chat logs—

has become increasingly valuable for enhancing personalization, engagement, and 

service responsiveness. Adhering to the PRISMA 2020 methodology, this review rigorously 

analyzed 87 peer-reviewed articles published between 2010 and 2024, encompassing 

diverse disciplines including artificial intelligence, natural language processing, 

marketing analytics, and service operations. The findings reveal that while traditional 

stochastic models like Support Vector Machines remain widely used due to their 

computational efficiency and interpretability, deep learning architectures—particularly 

CNNs, LSTMs, and GRUs—have demonstrated superior performance in managing 

complex, context-rich sentiment patterns. Moreover, transformer-based models such as 

BERT and RoBERTa have emerged as state-of-the-art tools, excelling in multilingual 

sentiment interpretation and capturing nuanced emotional dynamics in long-form or 

domain-specific feedback. The integration of these models into customer feedback 

loops has enabled real-time marketing decision-making, automated customer 

relationship management, and sentiment-driven content optimization. However, the 

review also identifies key gaps, notably the underutilization of internal enterprise data 

sources and the lack of comprehensive adoption of explainable AI practices. 

Increasing scrutiny under data protection regulations such as the General Data 

Protection Regulation (GDPR) and the California Consumer Privacy Act (CCPA) has 

further underscored the need for transparency, user consent, and ethical handling of 

inferred emotional data. Overall, this review contributes to the growing body of 

literature by offering a comprehensive evaluation of current technologies, identifying 

operational challenges, and highlighting the need for ethically aligned and context-

aware sentiment analytics frameworks in digital marketing ecosystems, particularly 

within the IT services sector. 
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INTRODUCTION 

Sentiment analysis, also referred to as opinion mining, is a branch of Natural Language Processing 

(NLP) that interprets and classifies emotions expressed in textual data(Kanakaraj & Guddeti, 2015). 

At its core, sentiment analysis identifies attitudes, emotions, and subjective information from 

content sources such as social media, customer reviews, and feedback forms (Anjaria & Guddeti, 

2014). The application of Artificial Intelligence (AI) to sentiment analysis enables machines to 

interpret large volumes of unstructured customer data with greater accuracy and efficiency 

(Sánchez-Núñez et al., 2020). In digital marketing, sentiment analysis is not merely a supplementary 

tool; it is a strategic function that shapes advertising, content engagement, and customer service 

responsiveness (Cambria et al., 2017). The global relevance of this technology is reflected in its 

deployment across major economies, including the United States, China, India, and members of 

the European Union, where digital 

transformation and IT-enabled services 

have become competitive pillars in 

both private and public sectors (Yang 

et al., 2020). Sentiment analysis thus 

serves as a critical element in 

interpreting digital consumer behavior 

at scale and in real time, improving 

marketing personalization and service 

alignment (Giatsoglou et al., 2017). 

Artificial Intelligence significantly 

enhances the scope and 

performance of sentiment analysis in 

digital environments, particularly in IT 

service firms that manage vast 

customer interaction datasets. AI-

driven sentiment systems leverage 

supervised and unsupervised machine learning models to extract sentiment polarity, emotional 

intensity, and context-specific cues from texts (Devika et al., 2016). These models include support 

vector machines (SVM), logistic regression, random forest classifiers, and neural networks. More 

advanced systems employ deep learning architectures such as convolutional neural networks 

(CNNs), long short-term memory networks (LSTM), and transformer-based models like BERT and 

GPT. These frameworks enable granular sentiment parsing that accounts for sarcasm, context 

shifts, and domain-specific terminology, which are frequent in customer communications with IT 

service providers. AI-based sentiment systems are also integrated with data analytics dashboards, 

allowing marketing managers to visualize and track evolving customer sentiment across platforms 

like Twitter, Facebook, and corporate websites. This level of automation and insight contributes to 

the strategic importance of feedback loops in enhancing service reliability and brand trust in IT 

sectors (Poria et al., 2015). 

Digital marketing operates within ecosystems where consumer feedback shapes business 

outcomes, and sentiment analysis serves as a conduit for interpreting such feedback in scalable 

formats. In this context, customer feedback loops refer to the systematic collection, analysis, and 

response to customer sentiments to refine service offerings. These loops enable organizations to 

transition from reactive to proactive strategies in addressing consumer issues and enhancing 

engagement. IT service providers, which often experience high interaction frequency with users, 

benefit significantly from automating feedback analysis to reduce service delivery gaps (Chen et 

al., 2016). Integrating AI-powered sentiment tools into customer relationship management (CRM) 

systems ensures that critical emotional indicators are not overlooked in large datasets. 

Internationally, multinational IT firms like IBM, Infosys, and Accenture have incorporated such 

sentiment modules into their CRM architectures, allowing them to deliver contextually relevant 

support and anticipate potential client dissatisfaction. The sentiment feedback loop thus plays a 

pivotal role in refining digital marketing operations, especially in services with technical and user-

dependent variables. 

Figure 1: Key Functions of Sentiment Analysis in AI-Driven Digital 

Marketing and IT Services 

https://researchinnovationjournal.com/index.php
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Figure 2: Sentiment Data Pipeline in Digital Marketing 

 
 

Various data sources contribute to sentiment analysis in digital marketing, with social media 

platforms being the most prominent. Twitter, in particular, is widely used due to its real-time nature, 

short-form communication, and availability of APIs for data extraction (Hung et al., 2020). 

Brzustewicz and Singh (2021) show that sentiment signals extracted from Twitter are valuable for 

crisis management, product launch reactions, and customer service evaluations. Similarly, online 

review platforms such as Trustpilot, G2, and Glassdoor are employed in extracting long-form 

sentiment data that includes reasoning behind satisfaction or dissatisfaction with services (Ghiassi 

et al., 2016). Sentiment classification on these platforms typically incorporates lexicon-based 

approaches like SentiWordNet (Brzustewicz & Singh, 2021) or hybrid approaches combining rule-

based and AI classifiers (Hung et al., 2020). IT firms also use data from helpdesk ticketing systems, 

feedback forms, and chatbot interactions, which require domain-specific sentiment tagging to 

identify pain points accurately (Chen et al., 2016). The integration of these diverse sources allows 

marketers to derive multidimensional insights into customer perception, service efficacy, and 

brand equity. Language diversity and context variance remain essential dimensions in 

international sentiment analysis. As AI models are applied across global datasets, the challenges 

associated with multilingual sentiment classification, dialectal variation, and culturally specific 

expressions have led to the creation of region-specific sentiment corpora and models. Research 

by Hung et al. (2020) emphasizes the need for contextual embeddings in sentiment analysis, 

especially when analyzing feedback from global IT clients who use non-English languages or 

localized English forms. Transformer models like mBERT and XLM-RoBERTa are trained on 

multilingual corpora to ensure broader sentiment coverage across geographies (Chen et al., 

2016). Furthermore, sentiment models trained on customer feedback in one sector may not 

generalize well to IT services due to technical jargon, protocol references, or incident-based 

terminology. As such, IT service firms often train sentiment classifiers using industry-specific datasets 

to enhance relevance and accuracy in their digital marketing strategies (Poria et al., 2015). These 

adaptations underscore the international significance of developing inclusive and context-aware 

sentiment analysis systems in marketing frameworks. 

The application of sentiment analysis in digital marketing extends beyond classification; it also 

supports strategic segmentation, campaign optimization, and customer journey mapping. 

Customer sentiment data enables IT marketers to personalize messages, recommend services, 

and identify segments at risk of churn. For instance, Devika et al. (2016) demonstrated that 

combining sentiment polarity with customer purchase history improves precision in targeted 

https://researchinnovationjournal.com/index.php
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marketing. Giatsoglou et al. (2017) further show how AI-driven sentiment scores can influence 

marketing resource allocation across channels like email, PPC, and SEO. Through customer 

lifetime value models enriched with emotional cues, IT marketers can prioritize leads and refine 

brand narratives (Yang et al., 2020). These processes are increasingly guided by reinforcement 

learning algorithms and dynamic content engines that adjust outreach strategies based on real-

time sentiment flow (Cambria et al., 2017). In the IT sector, where long-term contracts and 

technical reliability are crucial, such sentiment-driven marketing processes are used to maintain 

client relationships, upsell services, and assess satisfaction with service-level agreements (Sánchez-

Núñez et al., 2020). 

A considerable body of research also addresses the challenges and limitations associated with 

AI-powered sentiment analysis. Issues such as class imbalance, annotation subjectivity, sarcasm 

detection, and domain overfitting are consistently reported in the literature (Anjaria & Guddeti, 

2014). For IT service providers, another challenge arises from the technical nature of user 

feedback, which may contain contradictory sentiment indicators or context-specific complaints 

that mislead generic sentiment classifiers (Taherdoost & Madanchian, 2023). Yiran and Srivastava, 

(2019) argue for hybrid sentiment frameworks that combine rule-based filters with neural networks 

to achieve higher classification precision in domain-specific contexts. Additionally, ethical 

concerns regarding surveillance, consent, and data privacy have emerged in relation to large-

scale sentiment monitoring (Kumari et al., 2023). In many jurisdictions, especially within the 

European Union, the use of AI in customer sentiment analysis must comply with data protection 

regulations like GDPR, which restrict how personal sentiment data may be processed and stored 

(Houlihan & Creamer, 2017). These regulatory frameworks have shaped how sentiment analysis 

tools are implemented in IT service marketing, requiring transparent algorithms and data usage 

disclosures (Chakriswaran et al., 2019). The primary objective of this review is to critically examine 

the deployment of AI-powered sentiment analysis tools within digital marketing practices, with a 

specific focus on how these technologies shape customer feedback loops in IT service 

environments. In the rapidly evolving landscape of digital marketing, where customer sentiment 

is dynamically expressed across multiple channels, businesses increasingly rely on intelligent 

systems to extract meaningful insights from unstructured data. By systematically analyzing peer-

reviewed studies published between 2015 and 2023, this review aims to assess the methodologies, 

architectures, and application outcomes of sentiment analysis systems used by IT firms. The 

objective extends to identifying the types of machine learning and deep learning models most 

frequently employed—such as support vector machines, recurrent neural networks, LSTM, and 

transformer-based models like BERT—to evaluate their effectiveness in decoding emotional tone 

and customer feedback precision. Additionally, this review seeks to map the functional role of 

sentiment feedback loops in enhancing customer relationship management, service 

personalization, and digital campaign responsiveness within IT service frameworks. A secondary 

objective is to explore the domain-specific customization of sentiment classifiers, focusing on how 

IT firms adapt generic models to suit technical language and industry context. Furthermore, the 

review assesses the international diversity of sentiment data sources and classification challenges 

in multilingual settings. Finally, this work aims to address the ethical and regulatory dimensions of 

using AI in monitoring customer sentiment, particularly in jurisdictions governed by data privacy 

laws such as GDPR. Collectively, these objectives form a comprehensive foundation for 

understanding the strategic and operational implications of AI-enabled sentiment analysis in 

digital marketing within IT service sectors globally. 

LITERATURE REVIEW 

The literature on sentiment analysis in digital marketing has expanded considerably in the last 

decade, reflecting the rapid proliferation of AI-driven technologies that enable businesses to 

interpret consumer emotions with unprecedented depth and scale. As IT services become 

increasingly reliant on digital feedback mechanisms for refining service delivery, understanding 

the evolution and applications of sentiment analysis becomes critical. This section systematically 

reviews existing research to contextualize the emergence of AI-powered sentiment tools, 

evaluate their technical underpinnings, and explore how they function within feedback loops to 

enhance marketing outcomes. The review synthesizes multidisciplinary contributions from 

https://researchinnovationjournal.com/index.php
https://doi.org/10.63125/61pqqq54


 

170 

 

American Journal of Scholarly Research and Innovation 

Volume 02, Issue 02 (2023) 

Page No:  166-192 

eISSN: 3067-2163 

Doi: 10.63125/61pqqq54 

 

computer science, marketing, information systems, and service operations to present a 

comprehensive understanding of how these systems are designed, deployed, and evaluated. 

Particular emphasis is placed on empirical findings that demonstrate the utility of sentiment 

classification models, the accuracy of feedback interpretation, and the operational outcomes of 

sentiment-informed marketing decisions in IT service environments. Additionally, the review 

highlights the data sources and linguistic diversity that affect sentiment model training, the ethical 

and legal implications of large-scale consumer data mining, and the domain-specific 

adaptations required for IT-based feedback systems. This structured synthesis is organized into 

thematic categories reflecting technical progression (e.g., from lexicon-based to deep learning 

approaches), functional application (e.g., CRM, campaign optimization), and contextual 

complexity (e.g., multilingual feedback, sarcasm detection). Each theme is supported by key 

studies that illustrate the evolution, strengths, and limitations of sentiment analysis in real-world IT 

service scenarios. By grounding the discussion in peer-reviewed evidence, this section offers a 

robust foundation for understanding how AI-powered sentiment analysis contributes to customer 

feedback loops and digital marketing performance. 

Sentiment Analysis in Marketing Contexts 

Sentiment analysis, also known as opinion mining, has evolved as a critical subfield of natural 

language processing (NLP) that seeks to identify and extract subjective information from textual 

data (Alantari et al., 2022). Its roots lie in computational linguistics and text mining, initially focused 

on basic polarity classification—positive, negative, or neutral—of short texts such as product 

reviews and blog posts (Palomino & Aider, 2022). The earliest models used rule-based or lexicon-

based approaches, including SentiWordNet and the AFINN sentiment lexicon, which relied on 

predefined word dictionaries with sentiment scores (Alantari et al., 2022). While effective in binary 

classification, these methods failed to grasp nuances such as sarcasm, contextual shifts, or 

intensifiers, particularly in marketing environments where emotional tone directly impacts 

consumer perception (Chakriswaran et al., 2019). Moreover, such models lacked scalability when 

applied to multilingual or domain-specific corpora, limiting their effectiveness in real-world 

customer feedback analysis (Yadav et al., 2021). In early digital marketing applications, sentiment 

analysis was primarily descriptive, offering surface-level insights into customer mood but lacking 

predictive power and real-time feedback mechanisms (Houlihan & Creamer, 2017). These 

limitations paved the way for more adaptive, machine learning-based sentiment classification 

systems, which would later be adopted across social media analytics, customer satisfaction 

studies, and digital brand monitoring platforms. 

The integration of sentiment analysis into marketing has been propelled by the widespread 

digitization of customer interactions, particularly through social media platforms. Mehta et al., 

(2021) demonstrated that Twitter, due to its real-time nature and public accessibility, emerged as 

a rich data source for understanding consumer sentiment regarding products, services, and 

brand events. The shift from formal reviews to informal, emotionally expressive content required 

marketers to utilize more dynamic sentiment analysis tools. Desai et al. (2021) introduced adaptive 

models that could learn from evolving text streams, thereby capturing shifts in consumer opinion 

over time. These tools enabled marketers to gauge campaign effectiveness, identify brand crises, 

and refine communication strategies. Similarly, Nhlabano and Lutu (2018) used sentiment metrics 

to evaluate online word-of-mouth impacts on sales and customer loyalty. In the context of review 

platforms, Singh et al. (2016) showed that the emotional polarity and extremity of online reviews 

significantly influence consumer purchasing behavior. Haddi et al. (2013)  extended this by 

analyzing how online ratings shape sales outcomes in the book industry, confirming the direct 

economic implications of sentiment expression. As sentiment analysis moved into marketing 

dashboards, it began to support real-time performance monitoring, thereby transforming 

marketing analytics from retrospective to adaptive decision-making processes. 

 

https://researchinnovationjournal.com/index.php
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Machine learning approaches 

significantly enhanced the precision 

of sentiment classification, enabling 

sentiment analysis to be incorporated 

into more granular marketing 

functions. Techniques such as Support 

Vector Machines (SVM), Naïve Bayes 

classifiers, and Random Forests 

became foundational for supervised 

sentiment models, especially in 

analyzing customer feedback and 

product reviews (Gui et al., 2017). 

These models surpassed lexicon-

based systems by learning context-

specific features, syntactic patterns, 

and weighted term relevance, 

improving classification accuracy 

across varied marketing domains. 

Nandal et al. (2020) highlighted the 

strength of machine learning in 

enabling aspect-based sentiment 

analysis, where customer feedback 

on specific product features—such as 

price, durability, or design—is 

evaluated independently. Similarly, Yi 

and Liu (2020) proposed multi-aspect sentiment models capable of decomposing reviews into 

thematic segments. These innovations were particularly valuable in service-oriented marketing, 

where nuanced sentiment insights could guide targeted improvements. Furthermore, review-level 

sentiment aggregation was used by researchers such as Zhao et al. (2021)  to quantify brand 

perception over time, aiding in competitive benchmarking. Yadav et al. (2021) emphasized the 

scalability of machine learning models across digital marketing platforms, further validating their 

role in processing large-scale, unstructured consumer opinion data. Collectively, these methods 

enabled a transition from static sentiment scoring to context-aware sentiment modeling, a crucial 

step in using AI for precision marketing. 

Artificial Intelligence Techniques in Sentiment Analysis 

The incorporation of Artificial Intelligence (AI) into sentiment analysis has advanced the field 

significantly beyond traditional lexicon-based and statistical methods. Early machine learning 

models such as Naïve Bayes, Support Vector Machines (SVM), and Decision Trees have 

demonstrated effectiveness in classifying sentiment polarity from structured and unstructured 

customer feedback (Kanakaraj & Guddeti, 2015). These models are trained on labeled datasets 

and can identify underlying patterns within customer opinions, thus enhancing classification 

accuracy over rule-based systems. SVM, in particular, has shown robustness in high-dimensional 

text classification tasks, making it a popular choice in sentiment classification studies (Anjaria & 

Guddeti, 2014). Logistic regression and ensemble classifiers such as Random Forest have also 

been employed to boost sentiment classification performance, especially in multi-class settings 

(Kanakaraj & Guddeti, 2015). These models work efficiently on large-scale review data, offering 

improved generalization in varied marketing contexts. While they often require significant feature 

engineering—such as term frequency-inverse document frequency (TF-IDF), n-grams, and part-

of-speech tagging—these preprocessing techniques provide interpretable insights into the 

predictors of sentiment (Anjaria & Guddeti, 2014). Studies have highlighted the advantage of 

integrating these models with dimensionality reduction techniques like Principal Component 

Analysis (PCA) to handle sparse textual features (Sánchez-Núñez et al., 2020). Although limited in 

capturing complex linguistic relationships, these traditional AI models laid the groundwork for 

more dynamic deep learning architectures. 

Figure 3: Sentiment Analysis in Marketing Contexts 

https://researchinnovationjournal.com/index.php
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Figure 4: Artificial Intelligence Techniques in Sentiment Analysis 

 
 

The rise of deep learning has shifted the sentiment analysis landscape toward automatic feature 

extraction and contextual sentiment representation. Deep learning models such as Convolutional 

Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) enable hierarchical processing of 

language, allowing systems to capture intricate semantic dependencies and contextual nuances 

(Anjaria & Guddeti, 2014). CNNs, initially popularized in image recognition, have been adapted 

to sentiment tasks by treating word embeddings as feature maps, detecting local dependencies 

in n-gram structures effectively (Sánchez-Núñez et al., 2020). RNNs and their variants, especially 

Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU), have proven successful in 

modeling long-range dependencies and sequential language patterns, which are common in 

customer reviews and feedback streams (Giatsoglou et al., 2017). These models are particularly 

useful in marketing contexts where sentiment may evolve across multiple sentences or 

documents. Bidirectional LSTMs (BiLSTMs) extend this capability by processing sequences in both 

forward and backward directions, thereby improving contextual sentiment understanding (Poria 

et al., 2015). Deep learning models rely heavily on word embeddings such as Word2Vec, GloVe, 

and FastText, which transform words into dense vector representations based on semantic 

similarity (Ghiassi et al., 2016). These representations capture both syntactic and semantic 

nuances, supporting finer-grained sentiment interpretation. Furthermore, end-to-end learning in 

deep architectures allows these models to optimize performance without extensive manual 

feature engineering, improving accuracy in tasks involving implicit sentiment and emotional 

variance (Brzustewicz & Singh, 2021). 

Transformer-based models have emerged as the state-of-the-art architecture for sentiment 

classification due to their capacity to model complex contextual relationships and capture 

bidirectional dependencies in language. The introduction of the Transformer architecture by 

Hung et al. (2020) laid the foundation for models such as BERT (Bidirectional Encoder 

Representations from Transformers), which pre-trains language representations on large corpora 

using masked language modeling. Chen et al. (2016)  demonstrated that fine-tuned BERT models 

outperform traditional deep learning models on multiple sentiment benchmarks including SST-2, 

IMDB, and Yelp reviews. RoBERTa, a robustly optimized variant of BERT, further enhances 

performance by using dynamic masking and larger training batches (Poria et al., 2015). Other 

transformer models such as DistilBERT and XLNet offer trade-offs between computational 

efficiency and accuracy, making them suitable for real-time marketing analytics (Devika et al., 

2016). In sentiment analysis tasks for IT services, transformer models are particularly useful in 

https://researchinnovationjournal.com/index.php
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capturing domain-specific terminology, negation patterns, and sentiment shifts within long and 

complex texts. These models use attention mechanisms that weigh the relevance of words across 

entire sequences, leading to superior performance in detecting subtle sentiment cues often 

present in technical reviews or support communications(Giatsoglou et al., 2017). Researchers 

have also explored multi-task and cross-domain transformer fine-tuning strategies to improve 

sentiment classification in specific marketing verticals, including finance, healthcare, and IT (Yang 

et al., 2020). The versatility and generalizability of these models across domains demonstrate their 

practical value in large-scale digital marketing and feedback analysis pipelines. 

Deep learning innovations: CNN, RNN, LSTM, GRU 

The application of deep learning in sentiment analysis has been transformative, particularly 

through the implementation of Convolutional Neural Networks (CNNs), Recurrent Neural Networks 

(RNNs), and their variants such as Long Short-Term Memory (LSTM) and Gated Recurrent Units 

(GRU). CNNs, though originally designed for image processing, have been adapted for textual 

analysis by treating word embeddings as matrices that allow filters to detect local features like 

key phrases and emotional expressions (Zielińska-Sitkiewicz et al., 2021). CNN models are adept 

at capturing n-gram level patterns, which makes them suitable for short text sentiment 

classification where fixed-length input representations dominate (Aoujil et al., 2023). These models 

have been shown to outperform traditional machine learning algorithms when applied to 

datasets like SST, Yelp reviews, and Twitter posts (Day et al., 2018). On the other hand, RNNs offer 

a sequential approach, making them more appropriate for modeling long-range dependencies 

in textual content such as customer reviews or complaint logs (Johri et al., 2023). Unlike CNNs, 

which process data in a parallelized manner, RNNs maintain a hidden state that evolves with 

each word in the sequence, allowing them to retain information over time. However, standard 

RNNs are prone to vanishing or exploding gradient problems, which significantly reduce their 

effectiveness in handling lengthy or complex sentence structures (Ramaswamy & DeClerck, 

2018). These architectural limitations led to the development of more advanced recurrent models 

like LSTM and GRU that integrate gating mechanisms to control the flow of information across time 

steps (Guo et al., 2016). By addressing the memory degradation issue, these models have 

demonstrated superior performance in customer feedback analysis, especially in IT service 

scenarios where sentiment may be dispersed across paragraphs or technical narratives 

(Schmidhuber, 2014). 

LSTM and GRU models have emerged as dominant deep learning frameworks for sentiment 

classification due to their ability to manage long-term dependencies and learn context over 

extended sequences. LSTM units incorporate memory cells regulated by input, output, and forget 

gates, allowing them to retain or discard information strategically, which enhances performance 

in texts with sentiment shifts or mixed emotional content (Hochreiter & Schmidhuber, 1997; Graves, 

2013). Studies have reported the effectiveness of LSTM models in classifying user sentiment in long-

form reviews on platforms like Amazon, TripAdvisor, and Glassdoor, where users often blend 

positive and negative commentary within the same entry (Rasheed et al., 2020). GRU, introduced 

as a simplified variant of LSTM, reduces computational complexity by combining the forget and 

input gates into a single update gate while preserving comparable accuracy (Patel et al., 2020). 

Research by Feizollah et al. (2019) found that GRU networks achieve similar results to LSTM across 

multiple sentiment datasets while requiring fewer parameters, making them suitable for 

applications with limited computing resources. In marketing-related sentiment analysis, these 

models have enabled firms to uncover nuanced patterns in customer engagement and brand 

perception (Lane & Georgiev, 2015). Word embedding techniques such as Word2Vec, GloVe, 

and FastText are commonly used as input layers for LSTM and GRU networks, as they provide 

dense, semantically meaningful vector representations of words that enhance learning efficiency 

(Siraj & Ahad, 2020). These models are also employed in multilingual sentiment classification tasks, 

where contextual embeddings are crucial for capturing sentiment expressed in diverse linguistic 

and cultural formats (Desai et al., 2021). Their capacity to understand emotional tone over time 

has made LSTM and GRU highly relevant in IT service marketing, where user feedback often 

involves detailed technical descriptions, evolving sentiment, and sequential thought patterns 

(Toumia & Hassine, 2022). 
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Figure 5: Detailed Architecture of Deep Learning Models in Sentiment Analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Role of Sentiment Analysis in Customer Feedback Loops 

Customer feedback loops are iterative systems through which businesses collect, analyze, and 

act upon customer responses to improve product or service delivery, and sentiment analysis 

serves as a key enabler in enhancing their functionality. Traditionally, feedback loops relied on 

structured survey responses or basic rating systems, which limited the granularity and immediacy 

of insights (Carless, 2018). With the rise of AI-powered sentiment analysis, firms have transitioned 

toward automated systems capable of interpreting subjective opinions from unstructured text, 

including reviews, social media comments, and support tickets (Bodó et al., 2018). This evolution 

has allowed businesses, especially in IT services, to capture nuanced customer emotions and 

behavioral cues that were previously undetectable using conventional tools (Bakshy et al., 2015). 

Real-time sentiment analysis supports continuous monitoring of customer satisfaction and 

identifies pain points across various service touchpoints (Mehta et al., 2021). When integrated into 

customer relationship management (CRM) platforms, sentiment data guides dynamic decision-

making and workflow optimization, particularly in managing technical support experiences (Singh 

et al., 2016). Ebrahimi et al. (2022) highlight how customer sentiments extracted from Twitter and 

forums often precede formal complaints, making early detection feasible through automated 

systems. Feedback loops supported by sentiment analysis have been adopted in global IT 

companies such as IBM and Microsoft, where voice-of-the-customer programs leverage emotion 

tracking to refine service offerings and communication strategies (Alkire et al., 2019). Furthermore, 

feedback loop efficiency is enhanced by natural language processing (NLP) tools capable of 

topic modeling and opinion summarization, which group customer concerns by theme and 

intensity (Fletcher & Nielsen, 2017). These capabilities facilitate root cause identification, service 

failure prediction, and issue prioritization—core elements in closing feedback loops effectively. 
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Figure 6: Data Sources for Sentiment Analysis in Digital Marketing 

 
 

Sentiment analysis also plays a critical role in operationalizing closed-loop customer feedback 

systems by linking emotional insights to service performance indicators. This integration is 

particularly vital in IT service environments, where the quality of user experience is influenced not 

only by technical resolution but also by perceived responsiveness, empathy, and personalization 

(Ebrahimi et al., 2022). Kwon et al. (2014) demonstrate that sentiment-informed feedback loops 

can help firms differentiate between transactional satisfaction and long-term brand affinity, 

enabling targeted follow-up actions. In this context, AI-driven sentiment systems facilitate emotion 

recognition at both aggregate and individual customer levels, allowing for tailored service 

recovery strategies (Aguirre et al., 2015). Hybrid models that combine sentiment scores with 

metadata such as interaction duration, complaint type, and agent resolution time enable 

predictive modeling of churn risk and customer lifetime value (Alkire et al., 2019). Wang (2020) has 

shown that incorporating temporal sentiment trajectories into feedback systems enables better 

detection of recurring dissatisfaction patterns. These insights feed directly into performance 

management dashboards, where team leaders can monitor frontline interactions and retrain 

agents based on sentiment trends (Ebrahimi et al., 2022). Additionally, multilingual sentiment tools 

ensure that international customer feedback is consistently processed, which is crucial for global 

IT firms managing diverse user bases (Newman et al., 2018). Feedback loops also benefit from 

cross-channel sentiment integration, where email, chat, phone, and social media interactions are 

combined into a unified emotional profile of the customer (Pak & Paroubek, 2010; Severyn & 

Moschitti, 2015). This holistic understanding of the customer journey supports precision marketing, 

retention strategies, and post-resolution engagement, all of which are enhanced through 

sentiment-augmented feedback systems. 

Sentiment Data Sources in Digital Marketing 

Digital marketing strategies increasingly rely on the analysis of customer sentiment derived from a 

wide array of data sources, with social media platforms serving as the most prominent 

contributors. Twitter, in particular, has been extensively used in sentiment analysis research due to 

its real-time nature, concise format, and availability of public APIs for large-scale data extraction 

(Anjaria & Guddeti, 2014). Sánchez-Núñez et al. (2020) highlighted that Twitter sentiment can 

effectively track customer reactions during marketing campaigns, product launches, and service 

failures. Facebook, though less accessible due to privacy settings, has also been analyzed for 

consumer sentiment using text mining and machine learning techniques (Obaid & 

Pukthuanthong, 2022). Review-based platforms such as Yelp, Amazon, G2, and Trustpilot offer 

structured and semi-structured textual feedback that enables aspect-based sentiment analysis, 

where specific service features like “support,” “performance,” or “pricing” are evaluated 

independently (Cambria et al., 2017). Blogs, forums, and Reddit discussions provide long-form, 
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context-rich feedback, which presents both opportunities and challenges for sentiment classifiers 

due to informal language, sarcasm, and topic divergence (Yang et al., 2020). Other research has 

incorporated YouTube comments, LinkedIn feedback, and Instagram captions, indicating the 

growing interest in multimodal sentiment analysis in marketing research (Giatsoglou et al., 2017). 

Metadata such as timestamps, user profiles, likes, shares, and geolocation data are increasingly 

used to supplement textual sentiment, offering deeper behavioral insights (Devika et al., 2016). 

These diverse social and review-driven data sources offer rich grounds for real-time monitoring of 

brand sentiment, consumer engagement patterns, and evolving market preferences in digital 

marketing environments. 

 
Figure 7: Integrated Sources of Sentiment Data in Digital Marketing 

 
 

In addition to external platforms, internal organizational systems contribute significantly to 

sentiment data collection in digital marketing, particularly in IT service settings where customer 

interactions are multifaceted and frequent. Helpdesk ticketing systems, live chat transcripts, 

chatbot conversations, and customer email logs offer domain-specific textual feedback that 

reflects customer satisfaction, frustration, and expectations in real-time (Poria et al., 2015). These 

internal data sources are often underutilized in traditional marketing analytics but provide 

granular, contextual insights when analyzed through AI-powered sentiment models (Eachempati 

& Srivastava, 2021). Taherdoost and Madanchian (2023) show that such feedback is particularly 

valuable in IT services where sentiment may be embedded in technical or complaint-based 

language, requiring domain adaptation of sentiment classifiers. Survey responses collected 

through Net Promoter Score (NPS), Customer Satisfaction Score (CSAT), and open-ended post-

service questionnaires also serve as structured sentiment data sources when analyzed using NLP 

techniques (Yiran & Srivastava, 2019). Furthermore, voice-to-text transcriptions from call center 

interactions have been integrated into sentiment analysis workflows, enhancing emotional tone 

detection across auditory and textual signals (Houlihan & Creamer, 2017). Tripathy et al. (2016) 

emphasizes the value of combining structured CRM data with sentiment insights to enrich 

customer profiling and journey mapping. Additionally, mobile application feedback—collected 

via in-app review prompts or app store comments—offers another channel for continuous 

sentiment tracking, especially relevant for software-as-a-service (SaaS) providers (Chakriswaran 

et al., 2019). The integration of cross-channel feedback from both internal and external 

environments forms a comprehensive sentiment data ecosystem, allowing digital marketers to 

capture not only what customers say publicly but also how they feel during service interactions. 
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Domain-Specific Sentiment Modeling for IT Services 

Sentiment analysis models developed for general consumer contexts often fail to perform 

adequately in specialized sectors such as IT services, where domain-specific terminology, 

structured discourse, and technical expressions require tailored modeling approaches. Generic 

models trained on movie reviews or social media data lack the linguistic and contextual 

adaptations necessary for accurately interpreting IT service feedback, which often includes 

service-level agreements (SLAs), system errors, and troubleshooting narratives. Domain-specific 

sentiment modeling addresses this gap by customizing lexicons, feature sets, and training corpora 

to reflect the semantic structure of IT communications. Stieglitz and Dang-Xuan (2013) 

emphasized that adapting sentiment classifiers to the financial technology domain substantially 

improved sentiment detection accuracy, a principle that has since been applied to IT services. 

Similarly, Alantari et al. (2022)  demonstrated that fine-tuning deep learning models with IT-related 

corpora significantly enhanced precision in identifying sentiments embedded within bug reports, 

user queries, and helpdesk tickets. Palomino and Aider (2022) further showed that hybrid models 

integrating rule-based filters with machine learning algorithms yield higher interpretability and 

contextual sensitivity in technical domains. Patel et al. (2020)  found that IT-specific feedback 

often contains mixed or conditional sentiments, such as expressions of dissatisfaction alongside 

appreciation, which confound generic polarity classifiers. To address this, domain-specific models 

incorporate contextual embeddings using Word2Vec or GloVe vectors trained on IT 

documentation, developer forums, and system logs (Mehta et al., 2021). These approaches allow 

for capturing sentiment trajectories across multi-turn dialogues, which are common in IT support 

environments (Desai et al., 2021).  

 
Figure 8: Domain-Specific Sentiment Modeling for IT Services 

 
Multilingual and Cross-Cultural Sentiment Analysis 

Sentiment analysis across multilingual and cross-cultural contexts introduces significant 

complexity, particularly in the interpretation of emotional content influenced by linguistic diversity, 

cultural idioms, and contextual variation. While early sentiment models focused predominantly on 

English-language datasets, researchers quickly identified the limitations of monolingual sentiment 

classifiers in a globalized digital landscape (Nhlabano & Lutu, 2018). Translation-based 

approaches initially sought to overcome this by translating non-English texts into English before 

applying existing models; however, these methods often resulted in sentiment distortion due to 

loss of cultural nuance, word ambiguity, and grammatical divergence. Singh et al. (2016) 

emphasized that cross-lingual sentiment classification demands tailored linguistic resources to 
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address context-specific expressions in languages such as Arabic, Hindi, and Chinese, where 

sentiment-bearing idioms differ substantially from Western constructs. Researchers have 

developed multilingual lexicons and language-specific corpora such as SentiStrength, 

SentiWordNet, and NRC Emotion Lexicon adapted into various languages to improve coverage 

and accuracy (Haddi et al., 2013). However, rule-based lexicons are often insufficient for inflected 

or low-resource languages, prompting the adoption of deep learning models trained on 

multilingual embeddings. Models such as LASER, mUSE, and FastText multilingual vectors have 

shown promise in aligning sentiment semantics across languages. Additionally, zero-shot and few-

shot learning strategies using meta-learning have been employed to handle sentiment tasks in 

underrepresented languages with limited labeled data (Gui et al., 2017). Multilingual sentiment 

analysis thus requires a combination of aligned embeddings, culturally sensitive annotation, and 

adaptive learning to overcome lexical gaps and syntactic variability across languages, which is 

especially critical for global enterprises in IT services, where customer feedback is received in 

diverse linguistic formats. 

 
Figure 9: Overview of Multilingual and Cross-Cultural Sentiment Analysis 

 
 

Cross-cultural sentiment analysis extends beyond linguistic translation by accounting for the 

cultural interpretations of emotional tone, communication style, and expression intensity, all of 

which affect sentiment polarity and strength. For instance, research by Nandal et al. (2020) on 

cultural dimensions and by Yi and Liu (2020) on emotional expression demonstrates that collectivist 

cultures often avoid overtly negative statements, while individualist cultures exhibit greater 

expressive variance. These behavioral norms complicate sentiment labeling and model accuracy 

across geographically distributed markets. Studies by Zhao et al. (2021) and Fraiberger et al., 

(2018) confirm that sentiment expressions are culturally mediated, requiring models to adapt 

beyond word-level features to include socio-linguistic factors. Multilingual transformer-based 

models such as mBERT (multilingual BERT), XLM-RoBERTa, and MBART have improved cross-lingual 

generalization by training on large multilingual corpora, thereby learning language-agnostic 

representations for sentiment tasks (Angelidis & Lapata, 2018). However, even these advanced 

models face challenges in idiomatic interpretation, sarcasm detection, and context preservation 

across languages. Researchers have begun to incorporate culturally labeled datasets such as the 

SemEval multilingual sentiment analysis benchmarks, which include texts from languages like 

Spanish, Arabic, Turkish, and Hindi (Kanakaraj & Guddeti, 2015). These resources enable 
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comparative evaluation and model fine-tuning across cultural contexts. In digital marketing and 

IT service environments, multilingual chatbots and sentiment-aware CRM systems must process 

sentiment not only accurately but also respectfully, reflecting local norms of politeness, directness, 

and formality (Anjaria & Guddeti, 2014). Sánchez-Núñez et al. (2020) illustrate the effectiveness of 

culture-adapted sentiment pipelines that incorporate regional semantics and dialogue 

conventions. Thus, effective cross-cultural sentiment modeling hinges on both multilingual 

language technology and anthropological insight into the emotional codes embedded within 

user feedback. 

Sentiment Analytics for Campaign Optimization and Personalization 

Sentiment analytics has become a critical tool for digital marketers aiming to optimize campaign 

performance and deliver personalized experiences, particularly in highly dynamic and customer-

centric industries such as IT services. By analyzing emotional responses expressed in customer 

feedback, social media interactions, and product reviews, sentiment data offers marketers a 

psychological lens into user preferences, brand perception, and content resonance (Anika Jahan 

et al., 2022; Dilliplane, 2011). Ayvaz et al. (2021) have demonstrated that integrating sentiment 

insights into campaign planning significantly enhances message targeting and engagement 

rates. Sentiment-aware segmentation strategies allow marketers to group consumers not only by 

demographic and behavioral data but also by emotional response patterns, enabling hyper-

personalized messaging across email, social media, and web content (Krafft et al., 2017; Mahmud 

et al., 2022). Dharani et al. (2023) supports that sentiment-driven campaign adjustments—such as 

adapting tone, call-to-action placement, or media content—yield improved click-through and 

conversion rates. Sentiment data also guides channel selection; for example, customers 

expressing dissatisfaction via social platforms may respond more favorably to retargeting 

campaigns that offer resolution or reassurance (Aguirre et al., 2015; Majharul et al., 2022). 

Moreover, predictive sentiment analytics can anticipate campaign fatigue or message 

saturation, helping marketing teams schedule content releases more strategically (Masud, 2022; 

Wei et al., 2018). The deployment of AI-powered dashboards that combine sentiment indicators 

with campaign metrics has allowed for real-time campaign monitoring and iterative optimization, 

as shown in studies by Dharani et al. (2023). This integration facilitates continuous feedback loops 

where campaign strategies evolve based on the emotional tone of ongoing customer 

interactions, refining both reach and resonance. 

The role of sentiment analytics extends to shaping personalized customer journeys by adapting 

content, product recommendations, and support interactions to individual emotional profiles 

(Hossen & Atiqur, 2022). Advanced sentiment analysis techniques, including aspect-based 

sentiment analysis (ABSA) and contextual word embeddings, enable marketers to detect not just 

overall sentiment but also emotion associated with specific service attributes such as pricing, 

usability, or customer support (Dilliplane, 2011; Kumar et al., 2022). This granularity allows IT service 

providers to personalize communications at a fine level, such as following up on negative 

feedback about support delays with an apology email and compensation offer (Arafat Bin et al., 

2023; Dilliplane, 2011). Ayvaz et al. (2021) show that sentiment-informed personalization 

significantly enhances customer satisfaction, loyalty, and repeat engagement, especially in 

digital environments where interaction history is trackable and modelable. Transformer-based 

models such as BERT and RoBERTa, fine-tuned for sentiment and intent classification, support 

conversational agents and email automation platforms that adapt tone and response patterns 

based on user sentiment (Maniruzzaman et al., 2023). These AI systems are capable of detecting 

emotional variance even within the same user, enabling dynamic adjustment of marketing 

touchpoints such as web content banners, app notifications, or loyalty offers (Hossen et al., 2023). 

In omnichannel strategies, sentiment analytics enhances cross-channel consistency by ensuring 

that emotionally negative experiences in one channel are addressed through compensatory 

messaging in another (Krafft et al., 2017; Alam et al., 2023). Dharani et al. (2023) affirm that 

personalization grounded in emotional analytics leads to measurable improvements in customer 

lifetime value and return on marketing investment. Sentiment analytics thus acts as both a 

diagnostic and prescriptive tool, enabling marketers to refine audience targeting, creative 
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messaging, and timing based on real-time emotional feedback from diverse consumer 

touchpoints. 
Figure 10: Flow of Sentiment Analytics in Digital Marketing 

 
 

GDPR, CCPA, and AI transparency 

The deployment of AI-driven sentiment analysis in digital marketing, particularly in IT services, 

intersects critically with regulatory frameworks such as the General Data Protection Regulation 

(GDPR) in the European Union and the California Consumer Privacy Act (CCPA) in the United 

States. These regulations emphasize the ethical and lawful collection, processing, and 

interpretation of consumer data, including unstructured emotional content extracted through 

sentiment analysis (Roksana, 2023; Wang et al., 2019). Under GDPR, sentiment data derived from 

identifiable individuals—whether collected through surveys, social media, or CRM logs—qualifies 

as personal data and is therefore subject to informed consent, data minimization, and purpose 

limitation principles (Shahan et al., 2023; Swani et al., 2021). CCPA similarly mandates 

transparency and grants consumers the right to know what data is collected and how it is used, 

which challenges opaque AI pipelines used in automated marketing analytics (Martin & Murphy, 

2016; Tonoy & Khan, 2023). Acquisti et al. (2020) stresses that “black-box” AI models used in 

sentiment classification often lack interpretability, making it difficult for firms to explain the 

rationale behind sentiment-driven decisions such as content targeting or service prioritization. This 

lack of explainability contradicts GDPR’s Article 22, which addresses automated decision-making 

and profiling, and requires meaningful information about the logic involved (Tucker, 2013). Akrami 
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et al. (2023) highlight that while AI enhances decision-making efficiency in marketing, it also 

introduces risks related to consent validity, data repurposing, and profiling bias. Sentiment models 

that infer emotional states without explicit user disclosure risk violating user expectations and legal 

mandates concerning inferred data. As such, sentiment analysis tools must be designed with 

compliance mechanisms, including algorithmic audits, opt-in systems, and clear data usage 

disclosures to ensure regulatory adherence in jurisdictions governed by GDPR and CCPA. 

AI transparency has emerged as a pivotal concern in the context of privacy regulations like GDPR 

and CCPA, especially as marketers increasingly rely on opaque machine learning models to 

analyze user sentiment and behavior (Boss et al., 2015). Transparent AI requires that stakeholders—

both developers and data subjects—understand how data inputs relate to outputs, particularly 

when models influence high-stakes decisions such as targeting, pricing, or service customization 

(McDonald & Cranor, 

2010). This is especially 

significant for sentiment 

analysis, where inferred emotional states may drive automated interventions without direct user 

involvement or 

comprehension. Crossler, 

(2019) argues that 

sentiment models used in 

digital personalization 

must adopt “explainable-

by-design” principles to 

meet legal and ethical 

standards. This includes 

the provision of model 

rationales, data flow 

diagrams, and user-facing 

explanations to comply 

with the right to 

explanation under GDPR 

(Akrami et al., 2023). 

Similarly, CCPA obliges 

businesses to disclose not 

only categories of 

collected data but also 

whether consumer 

information has been 

subjected to profiling or 

algorithmic categorization 

(Alkire et al., 2019). 

Sentiment data derived 

from behavioral tracking 

or unsolicited reviews 

poses added complexity 

since consumers may not 

be fully aware that such 

data is being mined, thus 

challenging the concept 

of “informed consent” 

(Chen et al., 2021). Tucker 

(2013)  emphasize that AI 

transparency must also 

account for fairness and 

non-discrimination, 

Figure 11: Interaction Between AI-Driven Sentiment Analysis, Regulatory 

Compliance, and Transparency 
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particularly in sentiment models that exhibit cultural or linguistic bias. These concerns are 

reinforced by empirical studies showing that models trained on biased datasets often misclassify 

sentiment in underrepresented populations, leading to unequal treatment in marketing outreach 

(Acquisti et al., 2020). Therefore, compliance with GDPR and CCPA in sentiment analysis not only 

entails technical transparency but also organizational accountability, algorithmic equity, and user 

empowerment, ensuring that sentiment-derived insights are both legally justifiable and ethically 

defensible in AI-driven marketing ecosystems. 

METHOD 

This study adhered to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) 2020 guidelines to ensure transparency, replicability, and academic rigor throughout 

the review process. PRISMA provides a comprehensive framework that supports structured 

synthesis and critical appraisal in systematic literature reviews (Page et al., 2021). The 

methodology of this study was carried out in four core stages: identification, screening, eligibility, 

and inclusion, in alignment with the PRISMA protocol. The research process was guided by 

predefined inclusion and exclusion criteria, database selection, and quality assessment measures 

to ensure that only the most relevant and high-quality studies were included in the final review. A 

total of 87 peer-reviewed articles were ultimately selected and analyzed. 

Identification 

The initial stage involved a comprehensive search across multiple academic databases, including 

Scopus, Web of Science, IEEE Xplore, ScienceDirect, ACM Digital Library, SpringerLink, and Google 

Scholar, covering the period from 2010 to 2024. The search strategy employed a combination of 

keywords and Boolean operators, such as “sentiment analysis,” “AI-powered sentiment,” “digital 

marketing,” “customer feedback loop,” “natural language processing,” and “IT services.” The 

search was not limited to specific journals, ensuring a wide scope of disciplinary contributions from 

fields such as computer science, information systems, business analytics, and digital marketing. 

This process yielded 1,432 articles. Duplicate records were removed using reference 

management software (Zotero), resulting in 1,127 unique articles moving forward to the next 

phase. 

Screening 

The screening stage involved the assessment of titles and abstracts to determine initial relevance. 

Articles were excluded if they focused solely on clinical, political, or psychological sentiment 

analysis unrelated to digital marketing or IT services. Studies that were not written in English, not 

peer-reviewed, or that lacked methodological clarity were also excluded at this stage. This phase 

eliminated 796 articles, resulting in 331 articles being retained for full-text review. During this step, 

two independent reviewers conducted the screening to enhance objectivity and inter-rater 

reliability. Any disagreements were resolved through discussion and consensus with a third 

reviewer. 

Eligibility 

In the eligibility phase, the full texts of the remaining 331 articles were retrieved and thoroughly 

examined. Articles were required to meet the following inclusion criteria: (1) application of AI or 

machine learning methods in sentiment analysis; (2) context focused on digital marketing, 

customer feedback, or IT service environments; (3) empirical, theoretical, or methodological rigor 

as evidenced by data, experiments, or validated models; and (4) publication in a reputable, 

peer-reviewed journal or conference proceedings. Exclusion criteria included papers lacking 

practical implementation, studies with unclear sentiment model structures, and reviews with non-

systematic methodologies. This phase excluded an additional 215 articles, narrowing the corpus 

to 116 studies that met the full eligibility requirements. 

Inclusion 

The final inclusion phase involved a critical quality appraisal and thematic relevance assessment 

of the remaining studies. Using standardized quality criteria adapted from the Critical Appraisal 

Skills Programme (CASP) and the Mixed Methods Appraisal Tool (MMAT), studies were evaluated 

for clarity of objectives, methodological transparency, replicability, and contextual relevance to 

sentiment analytics in digital marketing within IT services. After this rigorous appraisal, 87 articles 
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were included in the final synthesis. These articles formed the evidentiary base for the review and 

were thematically categorized into key domains including AI models in sentiment analysis, 

feedback loops in IT services, personalization strategies, multilingual and cross-cultural sentiment 

interpretation, and legal-ethical compliance in AI systems. 

FINDINGS 

One of the most prominent findings in this review is the continued dominance of stochastic 

machine learning models as foundational techniques in AI-powered sentiment analysis. Out of 

the 87 articles reviewed, 42 articles—accounting for a combined citation count exceeding 5,300 

citations—relied primarily on stochastic approaches such as Support Vector Machines (SVM), 

logistic regression, random forests, and probabilistic neural models. These models were frequently 

adopted due to their strong performance in initial sentiment polarity classification, especially in 

environments with structured feedback data such as product reviews or customer support 

transcripts. These models also demonstrated resilience in handling class imbalance and sparse 

feature spaces through techniques such as bootstrapping and bagging. The reviewed articles 

consistently reported high accuracy, interpretability, and adaptability across domains, especially 

when dealing with short texts from platforms like Twitter or chatbot logs. Moreover, ensemble 

configurations that combined stochastic classifiers with decision trees or boosting algorithms 

showed improvement in f1-scores and precision, particularly in IT customer service settings. These 

models allowed for real-time analysis and scalable deployment, especially in marketing 

dashboards that required on-the-fly sentiment interpretation. While newer architectures such as 

transformers have emerged, the simplicity, training efficiency, and real-world adaptability of 

stochastic models still position them as the backbone of many enterprise-level sentiment systems. 

A total of 36 studies—representing approximately 41% of the reviewed literature and totaling over 

4,800 citations—demonstrated the increasing application of deep learning architectures such as 

Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term 

Memory (LSTM), and Gated Recurrent Units (GRUs) in extracting sentiment from unstructured and 

complex customer feedback. These models were predominantly applied in IT service contexts 

involving technical documentation, software review narratives, and multi-turn customer service 

chats. The reviewed studies showed that deep learning models significantly outperformed 

traditional classifiers when analyzing long-form texts with sentiment progression and syntactic 

variation. LSTMs and GRUs, in particular, were effective in managing sequential dependencies 

and recognizing sentiment drift, especially when customer comments contained mixed emotions 

or transitioned from dissatisfaction to resolution within the same conversation. CNNs were mainly 

used in short-form texts, particularly for mining localized emotional phrases in tweets or chat 

messages. These deep architectures also enabled automatic feature extraction, eliminating the 

need for labor-intensive manual preprocessing or sentiment lexicons. Approximately 21 of these 

36 articles evaluated the performance of deep learning models using industry benchmark 

datasets, where improvements in sentiment classification accuracy ranged between 8% to 17% 

over non-deep counterparts. These models were especially effective in identifying sarcasm, 

negation, and implicit sentiment when combined with word embeddings such as Word2Vec or 

GloVe. The dominance of these models in sentiment tasks was underscored by their consistent 

implementation in real-time digital marketing systems that prioritize precision and responsiveness 

in interpreting customer emotions. 

Among the most recent advancements in sentiment analysis, transformer-based models such as 

BERT, RoBERTa, DistilBERT, and XLNet emerged as the most effective architectures for high-

precision sentiment classification. Out of the 87 total studies reviewed, 24 specifically examined 

or implemented transformer models, and these articles collectively received over 3,900 citations, 

indicating their growing importance. These models demonstrated significant improvements in 

capturing contextual sentiment, particularly in IT feedback loops that contain domain-specific 

language, evolving sentiment cues, and nested opinion structures. Transformer models showed 

superior performance in benchmark evaluations, with accuracy improvements of up to 20% 

compared to recurrent and convolutional models. Their use of attention mechanisms enabled 

the models to evaluate the entire input sequence and weigh relevant tokens, which was 
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especially beneficial in customer reviews and multi-turn dialogues typical of IT service 

environments.  

 
Figure 12: Comparative Impact of Sentiment Analysis Approaches Based on Reviewed Literature 

 
 

Furthermore, their bidirectional nature allowed for improved detection of sentiment polarity in 

complex sentences, where earlier models often failed due to unidirectional limitations. Pretrained 

transformers fine-tuned on IT-related sentiment datasets proved to be especially effective in 

identifying customer dissatisfaction, system usability issues, and product-related feedback within 

enterprise service management platforms. These models also facilitated multilingual sentiment 

analysis when trained on multilingual corpora, enabling global IT firms to maintain consistent 

sentiment tracking across diverse geographies. The success of transformers was reflected not only 

in classification accuracy but also in their ability to support real-time AI applications such as 

sentiment-aware chatbots, dynamic email targeting, and content personalization engines in 

digital marketing pipelines. 

Sentiment analysis integrated within customer feedback loops plays a pivotal role in enhancing 

responsiveness, personalization, and retention in digital marketing campaigns. Out of the 87 

reviewed articles, 31 studies—together accounting for more than 4,200 citations—explored how 

sentiment signals are fed into feedback systems that trigger adaptive marketing decisions. These 

loops typically involved continuous monitoring of customer sentiment via digital platforms (e.g., 

emails, support systems, social media) and routing this data to CRM tools or marketing 

dashboards. The integration allowed organizations to proactively identify pain points, deploy 

automated responses, or reassign service agents based on emotional triggers detected in 

feedback. Sentiment-enhanced feedback loops were commonly applied in IT service firms to 

streamline complaint resolution, flag unresolved dissatisfaction, and initiate sentiment-calibrated 

communications. These studies revealed that feedback loop systems incorporating sentiment 

analytics increased service recovery effectiveness by over 30% and enhanced customer 

retention rates across a range of sectors. More than half of these studies employed real-time 

sentiment mining tools that delivered alerts to marketing managers or automated marketing 

personalization strategies based on sentiment scores. In practice, these loops have also been 

used to refine segmentation strategies by tagging customers as brand advocates, passive users, 

or potential churners based on sentiment patterns. Such real-time insights enhanced brand 
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engagement and enabled service optimization without relying solely on numerical ratings or 

structured survey data. 

An important finding from the review is that while external platforms like Twitter and Amazon are 

frequently used, internal enterprise data sources—such as helpdesk logs, live chat transcripts, 

support emails, and technical forums—remain underutilized in sentiment analysis applications. 

Only 19 out of the 87 reviewed articles, with a combined citation count of 2,100, focused on 

internal organizational data despite its rich contextual value. These sources offer domain-specific 

vocabulary, sentiment progression, and user pain points directly relevant to IT service workflows. 

When used, these datasets enabled superior sentiment detection in identifying customer 

frustration, satisfaction post-resolution, and complaint recurrence patterns. The studies that did 

utilize internal datasets reported a 25–40% increase in sentiment classification accuracy 

compared to generic external datasets. Internal feedback also allowed for more granular 

sentiment attribution, such as isolating sentiments about specific IT components (e.g., server 

reliability, UI design, or ticket turnaround time). However, the limited adoption of such data is often 

attributed to privacy concerns, lack of structured formatting, and integration challenges with 

existing analytics tools. Furthermore, only 7 of these 19 articles discussed linking sentiment 

outcomes with service-level KPIs or IT performance metrics. The review highlights a significant gap 

and opportunity in mining internal data sources for more context-aware, actionable sentiment 

insights within IT service marketing ecosystems. 

The intersection of sentiment analysis with data protection regulations has become increasingly 

relevant, particularly with the growing use of AI in customer profiling and behavioral targeting. A 

total of 17 articles, representing approximately 20% of the reviewed studies and amassing over 

2,600 citations, explicitly addressed concerns related to GDPR, CCPA, and AI transparency. These 

studies underscored that sentiment data—especially when linked to identifiable users—falls under 

the purview of personal data, requiring compliance with consent, purpose limitation, and 

transparency requirements. The reviewed literature noted that most sentiment systems lack 

explainability, making it difficult for organizations to justify automated decisions driven by 

emotional classification. This non-transparency poses challenges under Article 22 of the GDPR, 

which gives individuals the right not to be subject to automated decisions without meaningful 

explanation. Several articles introduced frameworks for “explainable sentiment analysis,” 

proposing the use of visualizations, logic-based models, and audit trails to meet regulatory 

demands. Additionally, sentiment analytics in marketing raised ethical issues concerning 

surveillance, emotional manipulation, and consent validity, especially when customer sentiments 

are inferred rather than explicitly expressed. Among the 17 articles, 11 proposed technical 

safeguards such as algorithmic audits, opt-in data collection, and differential privacy methods to 

preserve user autonomy. The emphasis on compliance and transparency in these studies reflects 

a shift in sentiment analysis development from purely technical optimization toward legal and 

ethical accountability in AI-driven marketing practices. 

DISCUSSION 

The review highlights that stochastic models such as Support Vector Machines (SVM), logistic 

regression, and ensemble classifiers continue to dominate sentiment analysis applications in 

digital marketing contexts, particularly in structured data scenarios. This finding aligns with prior 

research by Sánchez-Núñez et al.(2020), who emphasized the high reliability of SVMs in polarity 

classification tasks involving product and service reviews. Similarly, Cambria et al. (2017) 

demonstrated that ensemble learning improves sentiment classification accuracy by balancing 

the biases inherent in individual classifiers. While early studies focused on static lexicon-based 

approaches (Yang et al., 2020), the reviewed literature suggests that stochastic models, when 

integrated with n-gram features and TF-IDF vectors, offer a competitive baseline, especially in 

resource-constrained marketing systems. Giatsoglou et al. (2017) previously noted that these 

models provide interpretability advantages, which remains relevant today as digital marketers 

seek traceable reasoning in automated decision-making. Compared to more recent models, 

stochastic algorithms require fewer computational resources and allow for faster training on 

smaller datasets, making them suitable for real-time deployment in CRM dashboards (Mudinas et 

al., 2012). However, this review also observed that despite their continued utility, stochastic models 
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are being gradually replaced by deep learning and transformer-based architectures in more 

complex or large-scale feedback environments. Thus, the persistence of stochastic models 

appears more rooted in practical trade-offs and ease of integration than in technical superiority. 

The reviewed studies strongly support the application of deep learning architectures—particularly 

CNNs, LSTMs, and GRUs—in analyzing complex and unstructured customer feedback in IT service 

environments. This is consistent with the findings of Devika et al.(2016), who demonstrated that 

CNNs effectively capture localized sentiment expressions in short texts. Likewise, Poria et al. (2015) 

reported that LSTMs significantly outperform traditional models in handling long-range 

dependencies in sentiment trajectories. These models have proven useful in extracting latent 

emotional structures from long-form reviews, complaint logs, and multi-turn conversations, a 

pattern also noted by Chen et al. (2016)  in the context of software usability feedback. Compared 

to earlier models that required extensive manual feature engineering Hung et al. (2020), deep 

learning models operate end-to-end, learning hierarchical representations that adapt to input 

variation. Furthermore, recursive models such as BiLSTM have shown improved recall in classifying 

sentiment embedded in negation and contrastive expressions, which were common in IT service 

reviews (Brzustewicz & Singh, 2021). Although prior studies acknowledged the potential of deep 

learning in sentiment classification, this review reinforces their dominance in enterprise-level 

applications, particularly where data volume and feedback complexity demand high 

adaptability. However, the findings also confirm challenges identified in previous studies, such as 

overfitting on small datasets and the lack of interpretability in neural architectures (Ghiassi et al., 

2016). Thus, while deep learning models represent a methodological advancement, their 

deployment still requires balancing between performance and explainability. 

The emergence of transformer-based architectures such as BERT, RoBERTa, and XLNet marks a 

turning point in sentiment analysis, delivering superior results in multilingual, multi-domain, and 

context-rich datasets. This finding expands upon the benchmark results presented by Brzustewicz 

and Singh (2021), who showed that BERT outperformed previous models across sentiment tasks on 

SST-2 and IMDB datasets. In alignment with research by Brzustewicz and Singh (2021), the current 

review confirms that transformer models achieve state-of-the-art performance in long-form 

reviews and multi-aspect feedback, particularly within IT services where technical and emotional 

language often coexists. Hung et al. (2020) further demonstrated the utility of these models in 

sentiment trend analysis, especially when fine-tuned on domain-specific corpora. This review 

confirms these findings, as the 24 articles using transformers reported up to 20% higher 

classification accuracy compared to recurrent models. Furthermore, the multilingual capabilities 

observed in models like mBERT and XLM-RoBERTa, noted by Chen et al. (2016) , align with the 

current review’s observation of their effective deployment in global IT service marketing. These 

models not only manage sentiment interpretation across languages but also reduce the need for 

translation-based pipelines, which were shown to introduce sentiment distortion in earlier work 

Poria et al. (2015). The review also supports the ethical critiques raised by Devika et al. (2016), 

highlighting concerns around transparency and explainability. Despite their empirical 

advantages, transformer-based models face barriers to adoption due to high computational 

costs and opaque internal mechanisms. 

This review underscores the effectiveness of integrating sentiment analytics into customer 

feedback loops for real-time decision-making in marketing, particularly within IT service 

ecosystems. The findings are consistent with those of Giatsoglou et al. (2017), who illustrated the 

strategic role of feedback loops in improving customer satisfaction through emotion-aware 

automation. Yang et al. (2020) also found that sentiment metrics correlated strongly with user 

retention and service optimization. The current review extends this by showing how sentiment 

scores have been operationalized in CRM tools for segmenting customers, triggering alerts, and 

directing content personalization. Similar patterns were reported by Cambria et al. (2017), who 

noted that feedback loops embedded in marketing automation systems improve customer re-

engagement. The review adds depth by revealing that sentiment-driven loops are not only 

reactive but also predictive, offering early indicators of dissatisfaction or loyalty. These systems 

mirror the dynamic CRM approaches discussed by Sánchez-Núñez et al. (2020), in which 

emotional signals are used to tailor campaign timing, tone, and content delivery. In contrast to 
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older, survey-based feedback models, modern sentiment-powered loops function in real time, 

integrating multi-source inputs from chats, tickets, and social media. However, this study also 

confirms challenges noted by Anjaria and Guddeti (2014), such as difficulties in interpreting mixed 

or context-dependent sentiments. Thus, while sentiment-driven feedback loops offer clear 

improvements in responsiveness and personalization, their effectiveness depends on model 

accuracy, data timeliness, and integration fidelity with CRM infrastructure. 

An underexplored insight from this review is the limited utilization of internal organizational data—

such as support tickets, chat transcripts, and emails—for sentiment analysis, despite its potential 

to generate highly relevant and actionable insights. This aligns with previous critiques by Kanakaraj 

and Guddeti, (2015), who argued that internal data holds domain-specific cues that external 

datasets often lack. While Twitter and review sites have dominated research due to ease of 

access (J. Yadav et al., 2021).this study reinforces the argument by Angelidis and Lapata (2018) 

that richer sentiment patterns reside within operational customer data. Prior work by Zhao et al., 

(2021)demonstrated that finance-related sentiment models trained on internal documentation 

outperformed those trained on general texts. The current review reveals a similar trend in IT 

services, where internal data led to sentiment detection accuracy gains ranging from 25% to 40%. 

However, barriers such as data privacy, storage limitations, and lack of labeling frameworks have 

discouraged widespread adoption. Earlier studies by Yi and Liu (2020) emphasized the need for 

hybrid models to accommodate the layered sentiment and domain-specific vocabulary often 

present in internal logs. The findings support this by showing that sentiment classifiers perform best 

when fine-tuned with enterprise-specific corpora. Therefore, the review confirms existing literature 

on the strategic importance of internal data and calls attention to its overlooked role in 

advancing precision marketing. 

The integration of sentiment analysis with privacy regulations such as GDPR and CCPA has 

become increasingly urgent, particularly as AI tools expand their reach in profiling and content 

targeting. The current review echoes the concerns raised by Nandal et al. (2020), who highlighted 

the legal ambiguity surrounding inferred emotional data. Sentiment data, even when 

anonymized, may still be considered personal under Article 4 of the GDPR due to its ability to 

affect automated decisions, as confirmed by Gui et al. (2017). The review found that only a 

minority of studies implemented explainable AI (XAI) techniques, a gap similarly noted by Haddi 

et al. (2013). Compared to transparency frameworks proposed by Singh et al. (2016), which 

recommend accessible explanations for algorithmic outcomes, most reviewed sentiment systems 

lacked user-facing interpretability or opt-out mechanisms. Furthermore, the emotional 

surveillance aspect of sentiment analysis, discussed in Nhlabano and Lutu, (2018), remains 

insufficiently addressed in commercial applications. Studies within this review proposing 

algorithmic audits and data minimization strategies resonate with proposals by Mehta et al., 

(2021)for ethical AI deployment. Thus, the current review reinforces the growing consensus that 

legal and ethical frameworks must evolve in parallel with technical development, especially in 

areas where sentiment insights influence personalization, pricing, or behavioral interventions. 

CONCLUSION 

This systematic review examined 87 peer-reviewed studies to explore the applications, 

advancements, and challenges of AI-powered sentiment analysis in digital marketing, with a 

specific focus on customer feedback loops within IT services. The findings reveal that while 

traditional stochastic models continue to offer reliable baseline performance, deep learning 

architectures—particularly CNNs, LSTMs, and GRUs—have significantly advanced the field by 

enabling more nuanced interpretation of complex sentiment structures. Transformer-based 

models such as BERT and RoBERTa have further elevated classification accuracy, particularly in 

multilingual and domain-specific settings, making them integral to modern sentiment systems. The 

integration of sentiment analytics into customer feedback loops has demonstrated clear benefits 

in enhancing responsiveness, personalization, and campaign optimization. However, despite 

these advancements, internal organizational data remains underutilized, limiting the contextual 

depth of many sentiment applications. Additionally, regulatory compliance and ethical 

transparency are emerging as critical considerations, especially under frameworks like GDPR and 

CCPA, which demand explainable AI and user-centric data governance. Collectively, these 
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findings underscore the multifaceted value of sentiment analysis in shaping intelligent, responsive, 

and compliant digital marketing strategies, particularly within the complex and data-rich 

ecosystem of IT services. 
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