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I. INTRODUCTION 
 
The evolution of the consumer experience in the digital 

environment has changed completely the way that 

organizations need to manage their reputations [1][7]. 

The era of controlled brand communication and regular 

market research studies gave its place to the era of 

social media, which allows users to create and 

communicate brand narratives [1][8]. It brings both new 

challenges and opportunities to organizations that try 

to analyze and influence the perception of the brand 

[1][7]. 

 
The amount of user-generated content about brand 

reputation is incredible. Twitter, Facebook, Instagram, 

and e-commerce review systems produce millions of 

brand-related utterances every day in the form of 

feedback on products and services or reactions to some 

organizational activities [1][4]. Manual analysis of such 

data is not only difficult but also impossible due to the 

speed and volume of modern digital  

 

communication [2][8]. Therefore, significant research 

activity is directed towards the development of 

methods for automatic sentiment analysis of customer 

feedback [1][4]. 

 
While traditional sentiment analysis systems set the 

groundwork for future research in this area, they exhibit 

notable shortcomings when used in brand reputation 

management applications [2][9]. The lexicon-based 

approach is problematic due to its inability to cope with 

domain-specific language, slang evolution, and 

context-dependent changes in meanings [2][8]. Early 

attempts at using machine learning models to address 

those problems did not fully account for the context-

sensitive and complex nature of sentiments found in 

social media text [5][9]. Informal nature, sarcasm, and 

high level of context dependence remain challenges for 

conventional techniques [2][9]. 
Advancements in the field brought by deep learning 

systems have revolutionized sentiment analysis 

research [2][4]. It allows for achieving contextual 
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understanding of language in such a way that is much 

closer to human understanding of the same text [2][4]. 

However, using these advanced techniques in brand 

reputation management application raises specific 

issues, namely the requirement for aspect-level 

granularity, multilingual support, real-time sentiment 

shift detection, and integration of sentiment insights in 

reputation management processes [3][6][10]. 

 
To meet the specified requirements, this research 

suggests developing an integrated framework for 

customer sentiment analysis based on artificial 

intelligence which is intended for brand reputation 

management purposes [1][7]. It includes the use of the 

potential of transformer-based models in combination 

with the bidirectional recurrent neural networks to 

identify the context of a message along with local and 

global sentiments [2][4][9]. Multi-stage preprocessing 

algorithms can be used to filter out the noise inherent 

to the social media data, while the aspect-based 

sentiment extraction makes it possible to identify 

specific dimensions of brands influencing the overall 

perception [10]. The implementation of temporal 

analysis methods will allow for the detection of changes 

in sentiment trends that could signal about reputation 

risks [3][6]. 

 
The relevance of this research lies not only in the 

accuracy of classification but also in the ability to frame 

the problem of sentiment analysis in the context of 

brand reputation management and thus meet the 

practical requirements of intelligent information 

generation [1][7]. The development of a system capable 

of performing the reputation management tasks 

proactively through detection and diagnosis makes this 

research distinct from purely technical sentiment 

analysis studies and makes it relevant to both NLP and 

branding issues. 

 

The rest of this paper will be presented in the following 

manner. The literature review reviews the existing body 

of knowledge in sentiment analysis techniques and 

their use in brand reputation. The methodology 

describes the architecture of the proposed method, 

which includes the preprocessing stage, the 

construction of the model, and the algorithms used. The 

results section provides experimental results with 

comparative analysis against known baselines. 

 

II. LITERATURE SURVEY 
 
The development of sentiment analysis studies is 

associated with developments within natural language 

processing and machine learning techniques [2][5][9]. 

Lexicon-based sentiment analysis methods were used 

widely at an early stage. These approaches estimate 

sentiments using word-level polarity annotation, which 

is computationally efficient and easy to understand, but 

shows poor capability for handling negations, 

contextual meanings, and domain-specific terminology 

[2][8]. Lack of adaptability to language innovations in 

the social media environment appears to be the crucial 

drawback for brand reputation management 

applications since language changes constantly [2][9]. 

 
Data-driven machine learning models provided more 

flexibility [5]. Sentiment classifiers such as Support 

Vector Machines, Naïve Bayes, and Logistic Regression 

models became standard for conducting sentiment 

analysis. The results showed improvement on domain-

specific corpora when there was enough labeled 

training data [5]. Nevertheless, traditional machine 

learning models require much feature engineering, and 

cannot capture the complex hierarchical relations in 

natural language [5][9]. Poor performance of machine 

learning models on informal social media text, including 

abbreviations, emojis, and non-standard syntax, is often 

insufficient for reliable brand reputation management 

applications [2][8]. 

 
Deep Learning Architectures solved a lot of limitations 

of prior approaches due to automated feature 

extraction and hierarchical representation abilities 

[2][4]. Convolutional Neural Networks were designed 

for images but proved to be efficient in sentiment 

classification due to their ability to detect local n-grams 

associated with sentiment [4][9]. The Recurrent Neural 

Networks, especially Long Short-Term Memory models, 

became able to model sequences and capture how 

sentiment unfolds in different sentence constructions 

[4]. The bidirectional variant of the model improved the 

results by being able to process text in two directions, 

taking into account the context before and after each 

position [4]. 
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The paradigm change is brought about by the 

introduction of transformer architectures [2][9]. The 

attention mechanism allows for building relationships 

between all the positions in the sequence, which is 

impossible in recurrent architecture [2]. The pretrained 

transformers like BERT, RoBERTa and their domain-

specific versions brought significant advances in 

sentiment analysis [2][4].  

 

The models are capable of capturing the complex 

nuances of meaning in context, which is crucial for 

sentiment classification in the case of sarcasm, irony 

and implicit evaluations [2][9]. The research showed 

that the transformer-based approaches outperform 

other architectures in social media sentiment 

classification, however with higher costs [2][5]. 

 
The use of sentiment analysis in brand reputation 

management has evolved into a unique area of research 

[1][7]. Early studies have been confined to calculating 

the sentiment scores of products in order to develop 

reputation indicators. Later studies have broadened the 

scope by introducing social media monitoring, as the 

perception of brands is formed via various digital 

means [1][7]. Aspect-based sentiment analysis became 

more common after it was realized that the overall 

sentiment scores did not help much for reputation 

management [10]. The aspect-based approach helps in 

identifying the particular areas of the brand responsible 

for the overall sentiment [10]. 

 
Modern research has shown growing recognition of the 

importance of time-related aspects of reputation 

management of brands [3][6]. The time-related aspects 

of sentiment development act as an early indication of 

reputation risks and thus facilitate more pro-active 

reputation management [3][6]. Real-time data 

processing and detection of anomalies have been 

recommended as means to detect any sudden changes 

in sentiments which might signal an impending crisis 

[3][6]. The issue of multilingual capacity has also been 

considered [3][10]. 

 
Notwithstanding all the developments above, several 

gaps are still present in the literature. Most suggested 

systems concentrate primarily on the technical ability to 

classify and do not consider the issue of 

implementation into the process of brand management 

[1][7]. Sarcasm and implicit sentiment in the form of 

language used on social networks pose problems for 

classification accuracy [2][9]. High computational costs 

of sophisticated transformers represent an obstacle for 

companies with insufficient technical background [2][5]. 

Such gaps are the motivation for the present study. 
 

III. PROPOSED METHODOLOGY 
 
The proposed AI-based sentiment analysis system is 

composed of four inter-related modules: data 

collection and preprocessing, generation of contextual 

embeddings, hybrid classification model, and 

reputation insights. The following section gives a 

description and implementation of all four modules. 
 
1. Data Acquisition And Preprocessing 
The model consumes data from diverse channels that 

include social media sites, e-commerce review systems, 

and questionnaires. The use of modular data connector 

designs allows incorporating data from various 

channels using their specific API and data extraction 

procedures. Text data is preprocessed through an 

elaborate procedure aimed at standardizing the 

informal text from social media while retaining 

sentiment-related data. 

 
The steps of preprocessing include elimination of 

noises such as HTML tags, hyperlinks, and unique 

artifacts used on the social media site, for example, 

retweets. The preprocessing of emoji and emoticons is 

done through two procedures where emoji is converted 

into text for use by transformers and retained as 

categorical data to capture sentiment information 

embedded in its usage. 

 
Tokenization uses an appropriate subword splitting 

algorithm for the transformer model, thus making it 

possible to process spelling mistakes, new words, and 

compound words found in social media texts. Stopword 

removal occurs selectively, leaving out negations and 

intensifiers because of their importance in conveying 

sentiment. Lemmatization reduces inflectional forms 

while retaining differentiated sentiment. 
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Figure 1: Framework Architecture Diagram 
 
2. Contextual Embedding Generation 
The framework leverages pretrained transformer 

models as the base for producing contextual 

embeddings. Particularly, RoBERTa-base will be used as 

the main encoder, given the model’s success in 

processing social media texts and resistance to informal 

patterns of language use. It produces contextualized 

embeddings for tokens that incorporate position-based 

semantics to allow proper understanding of sentiment 

expressions relying on their context. 

 
In order to enable multilingual monitoring of brands, 

the framework will incorporate XLM-RoBERTa as an 

additional encoder to allow for sentiment analysis in 

different languages without individual training for each 

language market. Language identification 

preprocessing of the input text allows determining 

which encoder to use, with the ability of cross-language 

knowledge transfer allowing sharing the learned 

information about low-resource languages. 

 
Domain adaptation of the model is performed through 

further pretraining on the corpus of social media texts 

related to the domain of interest. The pretraining 

procedure allows fine-tuning the weights of the initial 

model in order to adapt it to the linguistic patterns 

characteristic of consumer–brand interaction. 

 
3. Hybrid Classification Architecture 
The classifier component utilizes a combination of 

transformer embedding and a Bi-directional Gated 

Recurrent Unit (BiGRU) layer to learn the fine-grained 

semantic meaning and the development of sentiments 

sequentially. Although transformer models are good at 

modeling local and global dependency via attention 

mechanisms, the BiGRU layer helps with the sequential 

modeling aspect which further improves the learning of 

sentiments' development process in long texts. 

 
The model works through the following steps: 

contextual embeddings obtained from the transformer 

encoder go through the BiGRU layer where hidden 

states containing the information of both forward and 

backward sequences are generated. The attention 

pooling of the hidden states creates a fixed-length 

vector based on the learned attention mechanism that 

gives weight to the segments containing sentiments. 
 

 
 

Figure 2: Hybrid Classification Model Architecture 
 
In the case of aspect-based sentiment analysis, the 

model utilizes a multi-task learning paradigm. The 

shared encoder outputs into multiple classification 

heads: the first one corresponding to overall document-

level sentiment and the rest corresponding to various 

aspects pertaining to brand reputation (quality of the 
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product, service level, value perception, and brand 

trust). 
 
4. Algorithm And Pseudocode 
Classification is done using the hybrid transformer-

BiGRU model mentioned above. The training process 

consists of two stages: first, training on the vast amount 

of sentiment-labeled data and, secondly, fine-tuning 

the model on brand-specific annotated data. 
 
5. Algorithm: Hybrid Sentiment Classification 
 

Input: Text sequence T = {t₁, t₂, ..., tₙ} 

       Pretrained transformer model M_trans 

       BiGRU parameters θ_gru 

       Classification parameters θ_cls 

 

Output: Sentiment distribution P(y|T) 

        Aspect sentiment matrix A 

 

1: procedure CLASSIFY(T, M_trans, θ_gru, θ_cls) 

2:     // Preprocessing 

3:     T_clean ← preprocess(T) 

4:     T_tokens ← tokenize(T_clean) 

5:      

6:     // Contextual embedding generation 

7:     E ← M_trans.encode(T_tokens) 

8:     // E ∈ ℝ^(n × d_trans) 

9:      

10:    // Sequential modeling 

11:    H_forward, H_backward ← BiGRU(E, θ_gru) 

12:    H ← concatenate(H_forward, H_backward) 

13:   

14:    // Attention pooling 

15:    α ← softmax(W_attn · H) 

16:    h_pooled ← Σᵢ αᵢ · Hᵢ 
17:     

18:    // Document-level classification 

19:    logits ← W_cls · h_pooled + b_cls 

20:    P(y|T) ← softmax(logits) 

21:     

22:    // Aspect-level classification 

23:    for each aspect a in ASPECTS do 

24:        logits_a ← W_a · h_pooled + b_a 

25:        P(y_a|T) ← softmax(logits_a) 

26:    end for 

27:     

28:    return P(y|T), {P(y_a|T)} 

29: end procedure 

 

 
Training process involves optimization of the combined 

loss function that includes both document classification 

objective and aspect classification objective. Such an 

approach allows the shared encoder to learn 

representation space that contains sentiment 

information of various levels of granularity. 
 

 
Figure 3: Preprocessing Pipeline Flowchart 

 

IV. ANALYSIS 
 
1. Experimental Setup 
The framework was tested on a carefully crafted corpus 

consisting of social media mentions and reviews related 

to brands collected from Twitter, Facebook, and online 

shopping websites. The corpus includes statements 

directed at various brands in different domains, thereby 

ensuring diversity in sentiment expression patterns and 

domain specific vocabularies. The annotation was done 

by experienced annotators with known inter-annotator 

agreement, and the discrepancies were settled via 

discussions. 

 
The baselines are lexicon-based sentiment analysis 

using VADER, classical machine learning classification 

algorithms such as Support Vector Machines and 

Logistic Regression, and purely deep learning models 

including CNNs and LSTMs. 

 

 

 



Pooja Dwivedi, International Journal of Science, Engineering and Technology, 

2026, 14:5 

6 

2. Quantitative Results 
 

 
 

Figure 4: Sentiment Distribution Across Brand 

Categories 
 
The designed approach proves to be consistent in terms 

of its classification ability for various sentiment 

categories and different brands. An analysis of the 

distribution of predictions shows that the framework is 

equally efficient in terms of positive and negative 

sentiments, which means that there is no presence of 

the positivity bias typical for lexicon-based approaches. 

The ability of the designed framework to distinguish 

neutral expressions outperforms the results of the 

baseline method. 
 

 
 

Figure 5: Aspect-Level Sentiment Analysis Results 
Aspect-based analysis uncovers capabilities for 

diagnosis that are not possible using document-level 

classification. For brands that have similar levels of 

overall sentiment distribution, aspect-level 

decomposition highlights different factors that make 

up their reputations, allowing for more precise 

management approaches. The approach successfully 

assigns sentiment to individual brand aspects, 

facilitating precise diagnosis. 
 
3. Comparative Analysis Table 1: Comparative 

Performance Evaluation 
 

Model Positi

ve 

Recall 

Negati

ve 

Recall 

Neutr

al 

Recall 

F1-

Scor

e 

Inferen

ce 

Latency 

(ms) 

VADER 

(Lexico

n) 

0.71 0.63 0.42 0.59 2 

SVM + 

TF-IDF 
0.79 0.72 0.51 0.68 8 

CNN 0.82 0.76 0.58 0.72 15 

LSTM 0.84 0.79 0.62 0.75 28 
RoBERT

a (Fine-

tuned) 

0.88 0.83 0.71 0.81 45 

Propos

ed 

Hybrid 

0.89 0.85 0.74 0.83 52 

 
The results of comparative analysis reveal the 

superiority of the proposed framework in terms of 

sentiment categories and evaluation criteria. Although 

transformer methods far surpass conventional models 

in performance, the hybrid approach offers a superior 

performance compared to transformer models, 

especially in identifying neutral and negative 

sentiments, which are crucial for reputation risk 

identification. 

 
The difference in performance of the lexicon and neural 

approaches highlights the inability of static sentiment 

lexicons in brand management applications. Lexicon 

methods' inability to accurately classify neutral 

sentiment is linked to the tendency of assigning polarity 

to ambivalent evaluative expressions. 
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Figure 6: Temporal Sentiment Trend Analysis 
 
From temporal analysis, the ability of the framework to 

identify changes in the sentiment trends that signify the 

emergence of reputation events is shown. The anomaly 

detection techniques detect any significant deviation 

from the normal pattern of sentiments, which serve as 

warnings for possible reputation events. With temporal 

analysis, sentiment analysis becomes a predictive 

technique. 
 

V. DISCUSSION 
 
These results confirm the appropriateness of the design 

of the proposed framework and show the usefulness of 

the framework for brand reputation management 

applications. The benefits of the hybrid architecture 

compared to pure transformer architectures are 

marginal in terms of total scores but lie specifically in 

the domains relevant to reputation management: 

negative sentiment classification and neutral sentiment 

detection. False negatives in the detection of negative 

sentiment constitute the most costly mistake for 

reputation management since the failure to detect 

customers' dissatisfaction might lead to further 

reputation loss. 

 
The ability to perform aspect-based classification solves 

an inherent problem of document-level sentiment 

analysis used for reputation management: it aggregates 

multiple aspects of evaluation into one polarity score. It 

is necessary to detect the attributes of the brand 

responsible for the sentiment in order to intervene. 
Inference latency is another drawback to consider when 

building a solution for real-time monitoring. Inference 

latency in the suggested framework is about six times 

greater than inference latency in the case of machine 

learning solutions. It would be sufficient to use the 

suggested framework in applications where monitoring 

dashboards refresh in minutes rather than in seconds. 

In the case of real-time data processing and 

classification, model compression could be applied. 
 

VI. CONCLUSION 
 
In the present work, an AI-powered sentiment analysis 

approach intended for brand reputation management 

application was introduced. The suggested approach 

meets all requirements of reputation monitoring, which 

differentiate this type of task from standard sentiment 

classification. These requirements are related to the 

granularity on the level of aspects, processing of 

informal discourse in social networks, the temporal 

analysis allowing to reveal trends, and deployability of 

the solution. 

 
The hybrid model combining context-based 

representations using transformers with bidirectional 

recurrent networks shows a superior performance in 

sentiment classification. The ability of the model to 

recognize neutral statements and negative sentiments, 

which is important for the reputation risk assessment, 

outperforms the baseline solutions, which proves the 

validity of the hybrid model design. 

 
The temporal analysis feature upgrades sentiment 

analysis from mere description into predictive 

reputation intelligence. Anomaly detection technology 

will alert organizations to new sentiments that might be 

indicative of developing reputation risks. This feature 

addresses an important gap in the literature on 

sentiment analysis where attention has been paid more 

to static classification performance than dynamic 

monitoring needs. 

 
However, there are several limitations in this project 

that need to be recognized and could inform future 

research directions. First, the computational needs of 

the framework, which is feasible for use on a dashboard 

interface, may constitute hurdles for real-time 

processing of high velocity data streams. Model 

compression and distillation approaches are potential 

areas for future research. Second, the aspect categories 
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defined in the current framework cover typical 

dimensions of a brand's reputation and may not meet 

the needs of different industries. Developing 

automated ways to discover aspects is another area of 

future research. Third, the current framework is text-

based and therefore fails to consider visual media such 

as images and videos which are increasingly becoming 

important components of brand conversations in social 

media platforms. 

 
The practical implications of this research extend to 

organizational reputation management practice. The 

framework enables transition from periodic, manual 

sentiment assessment to continuous, automated 

monitoring with diagnostic and predictive capabilities. 

Organizations implementing such systems can identify 

emerging reputation issues earlier, diagnose specific 

perception drivers, and evaluate intervention 

effectiveness through sentiment trend analysis. As 

digital platforms continue to expand consumer voice in 

brand discourse, AI-driven sentiment analysis 

capabilities will become increasingly essential for 

competitive brand management. 
 

REFERENCES 
 
1. A. Sharma, P. Kumar, and R. Singh, "Branding & 

sentiment analysis using data analysis: An extensive 

AI-driven approach to understanding customer 

feedback for enhanced brand reputation," in Proc. 

IEEE Int. Conf. Comput. Intell. Netw., Pune, India, Jul. 

2025, pp. 1-6. 
2. S. Gupta and M. K. Verma, "A review of deep 

learning models for Twitter sentiment analysis: 

Challenges and opportunities," IEEE Trans. Comput. 

Soc. Syst., vol. 10, no. 5, pp. 3550-3579, Oct. 2023. 
3. A. Mahmoud, S. El-Beltagy, and M. Fahmy, "Periodic 

insight: Multilingual reputation generation system 

through daily opinion mining analysis," Results 

Eng., vol. 25, p. 104696, Mar. 2025. 
4. R. Johnson, L. Chen, and K. Williams, "Deep 

learning-based sentiment analysis of social media 

and e-commerce reviews," in Proc. IEEE Int. Conf. 

Adv. Comput. Commun., MI, USA, Apr. 2025, pp. 1-

8. 
5. M. Rodriguez, J. Santos, and P. Oliveira, "Evaluating 

machine learning and deep learning approaches for 

binary sentiment classification," in Proc. IEEE Int. 

Conf. Emerg. Technol., Gwalior, India, Mar. 2026, pp. 

1-6. 
6. Y. Zhang, H. Liu, and W. Wang, "Stance detection 

for customer advocacy identification in online 

customer engagement: A deep learning approach," 

Electron. Commer. Res. Appl., vol. 74, p. 101512, 

Feb. 2026. 
7. S. Ahmed, M. Rahman, and T. Islam, "Quantifying 

the impact: Leveraging AI-powered sentiment 

analysis for strategic digital marketing and 

enhanced brand reputation management," 

Zenodo, May 2025. 
8. P. Nair, V. Menon, and S. Kumar, "Analyzing public 

sentiment in social media using hybrid NLP 

frameworks," in Proc. IEEE Int. Conf. Data Sci. Appl., 

Pimpri, India, Aug. 2025, pp. 1-7. 
9. K. Patel, D. Shah, and N. Desai, "A systematic 

analysis of deep learning based Twitter sentiment 

analysis: Emerging trends and challenges," in Proc. 

IEEE Int. Conf. Intell. Syst., Chennai, India, Dec. 2023, 

pp. 1-6. 
10. R. Krishnan, L. Iyer, and M. Subramanian, "Brand 

sentiment: Aspect-based multilingual sentiment 

analysis for strategic brand reputation 

enhancement and management in India," in Proc. 

IEEE Int. Conf. Adv. Comput., India, Dec. 2024, pp. 1-

8. 


