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Abstract 

The connection between purchase behaviour, social identity, financial decision making and psychosocial well-being in the lives of young adults 
has changed due to the digitally mediated consumption. Young buyers consider several factors in the product evaluation process which include: 
words of the influencers, Brand image, Social media trends, product impressions, Social bandwagon effect and peer feedback as well. These are 
the advancements driven by automation and have been supported by Artificial Intelligence and advanced ML techniques to motivate consumers 
to make informed purchase decisions. From the consumers' perspectives these are all opportunities leading to “Self-expression” however raising 
questions related to financial pressure, consumer autonomy and the over interference of digital technologies in consumer’s purchase decision. 
In the new paradigm of Industry 5.0 consumers and machines interacted and coordinated with each other to facilitate the purchase process. 
However in the upcoming evolution of industry 6.0 three core elements: Human centric, Sustainability and Resilience shape up the entire digital 
ecosystem. Thus this study aims to create a Human-Centric Consumption Intelligence framework with Explainable Artificial Intelligence (HCCI-
XAI) to explore the behavioural determinants of aspirational purchasing among the post-graduates students of Bengaluru city, India. The 
research was based on structured primary data collected in the period of March-July 2026 with the participation of 386 survey respondents and 
35 recorded variables. The six behavioural constructs studied in this article include: Masstige Perception, Symbolic Consumption Orientation, 
Value Consciousness, Consumer Orientation, Digital Influence and Ethical Orientation. Statistical tools such as descriptive statistics, Spearman's 
rank correlation, Ridge regression, Random Forest regression, repeated cross-validation and K-means clustering have been used.  Findings show 
that the most strongly endorsed construct is Value Consciousness (M = 4.210), and the construct with the highest positive correlation with 
Purchase Intention is Ethical Orientation (ρ = 0.475, p < 0.001). Ridge regression has a mean cross-validated coefficient of determination value 
of 0.3151 and a Random Forest of 0.2805 under the reported model configurations. K means clustering finds two clusters with a silhouette 
coefficient of 0.2485, indicating that there is moderate behavioural differentiation. The results show that the intention to purchase is linked to 
ethical concerns, digital influence and symbolic motives and affordability assessments. The study further contributes to Industry 5.0 research by 
showing the applicability of Machine Learning with Human-Centric Consumer Intelligence. It does not include validated mental health outcomes 
and its contribution to psychological wellbeing as it remains conceptual rather than diagnostic. The research creates an empirical basis to further 
explore the prime constructs such as: consumption behavior, financial well-being, psychosocial development, and preventive digital health 
promotion. 
 
Keywords: Young Adult Health, Aspirational Consumption, Digital Influence, Explainable Artificial Intelligence, Machine Learning, Financial Well-
Being, Psychological Well-Being, Industry 5.0, Masstige Consumption, Responsible Consumer Behaviour. 

 

1. Introduction 
Nowadays, the digital economy has revolutionized how youth are forming their buying habits, their sense of self and personal 
achievement (Brandesis, n.d.; Ebongo, 2026; World Economic Forum, 2026). The purchase habits are now shaped by digital 
engagement and highly expected value driven consumption. The mentality of the youth, especially the earning population, is 
multifold: Self of Sense (SoS), Meaningful Lifestyle (ML), My Life My Rule (MLMR) motto and My Money My Decision (MMMD) 
attitude. Consumption is becoming more and more connected to digital environments in which commercial communication, social 
interactions, and algorithmically curated recommendations coexist. Fortunately, social media channels give consumers a glimpse 
of carefully crafted messages such as products to boost social status, personality boosting, and the real feel of being confident to 
enhance the sales. Thus, these factors affecting the purchase behaviour are no longer just economic and value based but with “a 
motive to impress the society”. The complexities of personal aspirations, symbolic motivations, financial resources and digital 
social spaces are becoming critical to explore. Youth also find it very critical to examine the influence of these variables impacting 
their purchase decision and do not take efforts to predict the post purchase outcomes (Sense of happiness or guilt).  The change 
from adolescence to adulthood is often accompanied by important transitions in terms of education, social factors, financial 
independence and identity. Buyers' choices could be expressions of personal achievement, social belonging or desired identities, 
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during this time. Digital platforms can potentially further influence these processes by providing commercially produced images 
and representations of success and attractiveness. Arnett (2000) presented a concept of emerging adulthood as a unique 
developmental period of life that is defined by identity exploration, instability and changing possibilities. Consumption-related 
experiences during this developmental phase can be explored within the context of the boundaries set by this developmental 
period, which differ across cultures and socioeconomic settings. Social comparison theory provides a valuable insight into the 
ways in which digital environments can impact consumer desires. Adding to Social Comparison Theory recent research by James 
et al., 2026; Martins et al., 2026; Sekar et al., 2026), highlights the importance of self-esteem, self-perception, psychological 
wellbeing and self-enhancement being interconnected especially when Generation Z involve in purchase process. Long back in 
pioneer research studies related to consumer behaviour Festinger (1954) suggested that people compare themselves to others, 
when there are no objective measures to evaluate themselves. Even in 2026 the Social Comparison Theory remains relevant with 
contemporary research focussing on variables such as: appearance based comparison, body image, self - dignity etc demonstrating 
the theoretical significance (Festinger, 1954; Tylka & Wood-Barcalow, 2026). In a digitally mediated consumption context, these 
comparisons can include branded objects, experiences of lifestyle, and experience of wealth and social success that can be seen. 
But the relevance of social media comparison processes to psychological research was established by Vogel et al. (2014), who 
found relationships between social media comparison and self-esteem. The relationships, however, are complex and should not 
be understood as demonstrating that the use of digital media always leads to negative psychological consequences. In addition, 
few researchers have also written about the connection between material aspirations and personal well-being. Richins and 
Dawson (1992) defined materialism as a value orientation in which the importance of possessions was seen to be a part of success, 
happiness and personal identity. In their meta-analysis Dittmar et al. (2014) found an inverse relationship between materialism 
and personal well-being. The results indicate that there is a possibility that the consumption-related motivations may have 
ramifications beyond the commercial aspect. However, preferences for high-quality products are not necessarily synonymous 
with materialisms and psychological discomfort or lower levels of well-being. Consumers can still fall and fit into the premium 
category remaining financially responsible and holding the sense of ethical buy. Such considerations suggest an empirical context 
of “Masstige consumption” as a suitable construct to investigate purchase complexities. Consumer values and situational motives 
were shown to affect consumers' purchase intentions by Uluturk and Asan (2024); and the interplay of status-seeking motives 
(extrinsic) and self-fulfillment motives (intrinsic) was demonstrated by Roy et al. (2025) in the case of masstige consumption. Shah 
et al. (2026) further validated the relevance of masstige consumption in recent years by describing the importance of cultural 
orientations, interpersonal influences, and acculturation's effects on consumers' behaviour. Overall, these results highlight the 
theoretical and empirical significance of masstige consumption in the context of understanding the multidimensional 
determinants of purchase intention (Uluturk & Asan, 2024; Roy et al., 2025; Shah et al., 2026). It is a notion of combining mass-
market accessibility with the prestige-related product positioning, whereby consumers can enjoy some aspects of a premium 
brand, but not engage in the traditional luxury market. The growth of available luxury was identified as an important shift in 
consumer markets by Silverstein and Fiske (2003) and Paul (2015) further developed the conceptualisation and measurement of 
masstige marketing. To the young consumer, masstige products could be a compromise between price, value, social status, and 
a person's self-fulfillment. But, the psychological and developmental significance of masstige consumption is not yet fully 
understood and is not part of standard predictive marketing research. Current studies often focus on purchase motivation, brand 
preference and segmentation of consumers, with less consideration given to the consequences of aspirational consumption on 
the autonomy of consumers, their financial situation and their responsible digital interaction. When it comes to using Artificial 
Intelligence & Machine Learning models to forecast and drive purchases, this factor assumes significance; however remains 
unexplored. 
AI has helped greatly to broaden the analytical options for consumer researchers. Conventional regression models do not 
necessarily show nonlinear relationships or interactions or behavioural patterns that may be shown by machine learning 
algorithms. Ensemble learning methods like random forest and gradient boosting offer flexible ways of prediction, and explainable 
AI could enhance the interpretability of algorithmic results (Breiman, 2001; Chen & Guestrin, 2016; Lundberg & Lee, 2017). 
However, the level of predictive accuracy is not enough when the analytical system is used in situations that require autonomy 
and potentially sensitive behavioral traits in humans. Industry 5.0 offers a suitable paradigm to rethink the role of consumer 
intelligence. In 2021, the European Commission (EC) said that technological development should go hand in hand with the 
efficiency of industries and human-centricity, sustainability and resilience. Consumer analytics should be used to support and 
inform, not to maximise conversions or play with consumers' sensitivities, but to facilitate clear decision making and to guide 
consumer buying, while maintaining ethical and responsible commercial operations, with the help of AI. This interdisciplinary 
intersection is tackled in the present research by creating a Human-Centric Consumption Intelligence framework based on 
Explainable Artificial Intelligence (HCCI-XAI). This study uses primary survey data of postgraduate students in Bengaluru to explore 
the relationship between aspirational consumption, symbolic orientation and affordability-oriented preferences and purchase 
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intention, as well as the impact of digital influence and ethical orientation. The study combines the approaches of statistical 
analysis, supervised machine learning and unsupervised clustering, which are used to study predictive relationships and 
behavioural heterogeneity. The study falls under the umbrella of young adult health promotion, since experiences in digital 
consumer environments may be a part of the broader psychosocial experiences, and the ability to make financial decisions and 
develop a social identity may be relevant to these experiences. It does not, however, presume buying attitudes to be direct 
measures of psychological health. Rather, it provides a behavioural foundation that is grounded in empirical factors for future 
research that can include validated mental health instruments. 
 

2. Research Problem and Significance 
The growing use of commercial content in digital social contexts has made the consumer aspiration and decision-making more 
complex. A recent research by Nageswari et al. (2025) highlights a few interesting facts that social media influences more than 
purchase intention due to which consumers have become active participants in the market. Even though they do not buy them 
anything they are involved in window shopping very actively. This provides a spark to frame a major research problem for this 
study which focuses on the complex interplay between digital exposure considering masstige consumption among the youth 
community. Moreover, young consumers are constantly exposed to opportunities to compare products, assess brands and see 
lifestyle representations being sold and marketed via digital channels. They can affect not only people's buying habits but their 
ideas of being able to afford something as well as their sense of being successful and satisfying the expectations of others. A 
number of these processes have been studied under the traditional paradigm of consumer behaviour using theories of perceived 
value, symbolic consumption, brand equity, and purchase intention. The former methods provide some clues to the phenomenon 
of purchase but fail to consider the larger developmental and humanistic issues.  Concurrently, research on well-being of young 
adults has started to examine the relationship between digital environments and psychosocial experiences. Keles et al. (2020) did 
a review of the evidence on social media and depression, anxiety, and psychological distress in adolescents, and found some 
potentially important associations. This type of finding calls into question the idea that all digital interaction is evil; digital 
experiences should be examined. The outcomes of this research will be highly valuable because the sellers should understand 
that consumers do not involve themselves in purchase just because they have knowledge about a product/service but a personal 
connection to buy, use, enjoy, feel. The empirical findings could also help different stakeholders because at the end of the day 
everyone is a consumer. Hence more digital awareness, financial responsibility, purchase guidelines will be a great nudge. 
Moreover, the research analyzes the human-centricity of Industry 5.0, highlighting the need to take into account the importance 
of transparency, ethics and responsible decision-making as a part of the AI driven purchase evaluation process.The study does not 
assume fact that the more complex algorithms produce better results; however it is a test for the predictive performance to 
analyze situations with high complexity. 
 

3. Review of Literature and Theoretical underpinning 

3.1 Aspirational Consumption and Identity Formation 
Consumers buy products for social status and this has always been a way of expressing themselves with a lot of pride and dignity. 
Consumers have always been buying products not just for functional purposes but to showcase their identity, social status, pride 
and achievement (Maheshwari et al., 2025). Kristina et al (2026) suggest conspicuous/ aspirational consumption on digital media 
serves as a reinforcement of self-image and a means of creating social distinction. Likewise, Potluri et al. (2026) found that status 
symbolism, brand image and perceived prestige are important factors influencing luxury consumption choices. Even many years 
before the prior research work by Belk (1988) suggested that possessions can be an extension of the self, symbolizing the nature 
of possessions and personal identity. This view is especially relevant when purchasing for aspiration, as consumers might be 
assigning meanings to products which go beyond what their function is. For young adults, product knowledge, peer influence and 
personal growth may shape identity-oriented consumption. Perceived achievement, sophistication and sense of belonging are 
possible messages conveyed by the premium brands. But these variables are not necessarily synonymous with materialism. A 
masstige product is a combination of the prestige and the accessibility that it offers to consumers who are looking for a perceived 
added value but don't necessarily go for traditional luxury products. This positioning and the perceptions of masstige was 
conceptualized by Paul (2015). This is the reason why the present study investigates the relationship between the masstige 
perception and the symbolic consumption orientation with purchase intention in a wider behavioural context: affordability, digital 
influence and ethical orientation. 
 

3.1.1 Masstige Perception 
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Alongside Aspirational Consumption it is important to bring to light a newly evolved concept known as “Masstige Perception”.  
Masstige products combine mass market access and a prestige product positioning. Moreover young adults who are aspirational 
consumers often evaluate and make a buying decision based on social status, dignity, prestige and the financial practicality. In 
this context the concept of masstige perception captures the dual desire. Hence Masstige Perception (MP) has been used as a 
prime variable.  
3.2 Digital Influence and Social Comparison 
Digital media has emerged as a significant socialisation space for consumers which has changed the way people make decisions. 
They are able to compare their lifestyles, aspirations, and buying habits with others. Tian et al. (2023) highlights that the social 
comparison with influencers leads to feelings of admiration, aspiration, and envy, all of which affect brand attitudes and purchase 
intentions. Likewise, Elshaer et al. (2026) found that social media exposure enhances the consumption experiences and increases 
purchase intentions. Online reviews, influencers' endorsements and social media material help in new product discovery, brand 
awareness, and clear purchase decisions. These can be mediated by informational influence, perceived credibility, and social 
identification and repetition. Social comparison theory proposes that people can compare themselves by their perceived situation 
and success of others (Festinger, 1954). This can be exaggerated in digital contexts through the selective presentation of content 
and through lifestyle representations mediated by the business markets. Vogel et al. (2014) found that consumers also compare 
themselves with others on social media platforms and this can sometimes enhance self-esteem and psychological wellbeing. 
3.3 Value Consciousness and Financial Well-Being 
Value conscious consumers tend to think more about the usefulness and goodness of the products/services bought, values 
received for the cost paid and the responsible use of products before making impulse purchases. Yuvita and Permatasari (2025) 
concluded that financial well-being completely mediates the association between frugal living and buying decisions for the 
Generation Z population. Dahiya et al. (2025) observed financial well-being as one of the dimensions of overall consumer well-
being. Likewise, Sharma et al. (2026) found that budget awareness and reporting, gamification, and digitised, transparent financial 
systems are effective in sustaining financial goals and financial health. Hence from these practical illustrations it has to be 
understood that value consciousness is what consumers place on getting the right quality for the price given. It is linked to 
comparing prices, evaluating discounts and considering ways to buy. Lichtenstein et al (1990), investigated the perceptions of 
price and consumer shopping behaviour, which further extended the knowledge on the importance of price-related evaluations 
on consumers' purchase decisions. Further to income and expenditure, financial well-being encompasses perceptions of financial 
security for the present and for the future as well. Brüggen et al., (2017) created a conceptual model that focuses on the 
multidimensionality of financial well-being, where he says financial wellbeing is not about how much money a person has but how 
confident he feels. For post-graduate students, the issue of affordability is a special concern as the income of post-graduate 
students may be dependent upon family support, scholarships, part time employment and other financial arrangements. However 
it does not mean that those with high value consciousness are necessarily poor. It can also be indicative of rational decision-
making and responsible consumption.  
3.4 Ethical Consumption and Human-Centric Decision-Making 
Ethical consumption involves taking into account the environment, social and organisational responsibility when purchasing a 
product/service. Consumers can consider products based on sustainability, fair business practices, and perceived environmental 
impact. Recent research work also explored the concept of “Ethical Consumption” where it is defined as a form of consumption 
that involves taking into account personal values, social responsibility and environmental conservation in purchase decisions, 
which demonstrates a shift towards human-centric decision making. However ethical purchase remains very artificial with no real 
time moral values being followed. For example, an Indian consumer calls himself/herself an organic buyer and ends up purchasing 
an imported avocado and placing it into a degradable carry bag rather than purchasing the farm grown Indian avocado. Huang et 
al. (2025) found that ethical beliefs and individual-level factors were significant influences on ethical purchase intentions, and 
Kutaula et al. (2024) emphasized cultural contexts and social responsibility as factors influencing ethical consumer behaviour. 
Likewise, Suttharattanagul et al. (2025) concluded that responsible consumption is important to increase sustainability values and 
green purchasing intentions, which further illustrates the value of mindful consumption. In the context of Industry 5.0, ethical 
consumption is relevant to the overall goal of Industry 5.0, which is integrating technological and commercial systems with human 
and societal welfare. The European Commission (2021) emphasized the need for a hand-in-hand approach of sustainable 
development and a people-centred approach with technological innovation. Ethical orientation is included as a part of the present 
research, so that the purchasing intention can be investigated beyond prestige and affordability. Recognizes that young 
consumers may have multiple motivations for purchasing products that include quality, social implications, value for money, and 
the environment. 
3.5 Artificial Intelligence and Explainable Consumer Analytics 
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Machine learning offers analytical techniques that can detect correlation between various behavioural variables, even if there are 
not all linear relationships. Breiman (2001) introduced a new ensemble method called random forest that uses several decision 
trees to increase the robustness of predictions. Gradient boosting is an optimized version of gradient boosting, the XGBoost 
algorithm (Chen and Guestrin, 2016), which is able to model complex relationships efficiently. Machine learning's versatility, 
though, can create issues of overdifferentiation, interpretability, and fairness of algorithms. Such issues are particularly pertinent 
to modelling in the domain of human behaviour. Explainable AI tackles a part of this issue by offering techniques to analyse the 
role of each predictor in the model's computations. To provide a unified framework for understanding the predictions of models, 
Lundberg and Lee (2017) introduced a unified framework for interpreting model predictions, called SHapley Additive exPlanations 
(SHAP). In the present research, an explicit design principle is the technique of explainability and the distinction of completed 
empirical analysis and proposed advanced modelling components. This separation is required since a mathematical description 
of an algorithm is not proof of implementation or valid proof of the algorithm. 
 

4. Research Objectives  
The main motivation of this research is to examine the relationships between Masstige Perception (MP), Symbolic Consumption 
Orientation (SCO), Value Consciousness (VC), Consumer Orientation (CO), Digital Influence (DI), Ethical Orientation (EO) and 
Purchase Intention (PI) among young adults using interpretable statistical and Machine Learning methods. The study also aims to 
compare the predictive ability of the regularised linear regression with the nonlinear ensemble learning, to cluster the consumer 
behaviours and to provide a baseline for responsible Consumer Intelligence under Industry 5.0. The proposed HCCI-XAI framework 
is based on the combined six measured behavioural domains in a single predictive structure. The focussed dependent variable in 
this study is “Purchase Intention”. Consumer purchase autonomy, Financial responsibility, Digital mentality are all connected to 
the broad conceptual framework. Though these variables are not empirically measured it has been theoretically interpreted.  
 
For respondent 𝑖, the behavioural feature vector is represented as: 

Xᵢ = [MPᵢ, SCOᵢ, VCᵢ, COᵢ, DIᵢ, EOᵢ]ᵀ 
The predictive objective is expressed as: 

PÎᵢ = fθ(Xᵢ) 

where 𝑃𝐼̂𝑖  denotes predicted purchase intention and 𝑓𝜃 represents the learned prediction function. 
The framework also incorporates behavioural segmentation: 

Cᵢ = gφ(Xᵢ) 

The framework also incorporates behavioural segmentation: 

Cᵢ = gφ(Xᵢ) 
 

where 𝐶𝑖  represents the cluster membership of respondent 𝑖. 
Together, these components allow the investigation of predictive relationships and behavioural heterogeneity without assuming 
that consumption patterns constitute psychological diagnoses. 
 

5. Research methodology and design 

5.1 Research Design 
The study incorporates multiple analytical dimensions which include: quantitative, cross-sectional research design with 
psychometric measurement, descriptive analysis, statistical associations, Supervised Machine Learning and Unsupervised 
Behavioural Segmentation test being done. The analytical approach aims to explore the relationships between the consumers' 
attitudes to predict the purchase intention. This research follows an explanatory approach and is predictive in implementation. 
However, there is no emphasis on experimental intervention or longitudinal observation. Thus, the findings are presented as 
associations and predictive relationships and not as causal effects. The data was collected using a standard survey with a set of 
well structured questions distributed to the post-graduate students of Bengaluru, India. Bangalore is a metropolitan city in the 
state of Karnataka with a student population having high exposure to digital tools and technologies. Considering this to be a very 
important criteria the research opted for purposeful sampling as a standard sampling technique. The original survey responses 
for this study are 386 responses and 35 variables, including demographic data, income characteristics and survey questions on 
consumption behavior. Data was gathered from March to July 2026. The CPIFusion-XAI workbook has been expanded from the 
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original CPIFusion-XAI manuscript of 178 observations to 386 observations. The study has collected data only from urban students 
and has not considered rural consumers.  
5.2 Respondent Characteristics (Youth adult - Postgraduate students) 
The population of the respondents is mainly the young adult (postgraduate) students from Bangalore. The ages of the respondents 
are distributed within this category where  (N = 203) persons are in the age range 18-20 years, (N = 95) in the age range 24-26 
years and  (N =27) persons in the age range of 27 years and above. However, 2.0% of respondents did not report their age. This 
age grouping of respondents is representative of the focus to understand adulthood in this study. The age composition is relevant 
to the exploration of consumption aspirations, financial decision making and digital involvement as part of the process of making 
the transition towards economic independence. Other data included in the dataset are gender, monthly personal disposable 
income and source of income. These variables are descriptive of a respondent's economic situation. Income categories are 
important for understanding value consciousness and purchasing preferences related to affordability, while income does not 
capture the subjective financial stress. 
5.3 Questionnaire Structure (Refer to Annexure 2)  
This questionnaire consists of 29 items grouped under Masstige Perception, Symbolic Consumption Orientation, Value 
Consciousness, Consumer Orientation, Digital Influence, Ethical Orientation and Purchase Intention. The Masstige Perception is 
assessed by 4 items that are related to premium quality, prestige, affordability and accessible luxury and lifestyle associations. A 
symbolic Consumption Orientation scale is operationalized using four items related to brand identity, social recognition, image 
enhancement and success projection. Value Consciousness is assessed by four items that focus on comparing prices, assessing 
quality, being price sensitive and being responsive to discounts. Consumer Orientation is captured by eight items related to 
Product Exclusivity, Personalised Service, Affordability Preferences, Prestige, Aspirational Ownership, Instalment Purchase, Brand 
Switching and Prestige vs Practical Value. Digital Influence is assessed by three items focusing on social media, online reviews and 
influencer endorsements. Ethical Orientation is assessed based on three questions related to sustainability, ethical business 
practices and environmentally responsible purchasing. Purchase Intention is shown by three Purchase items related to future 
purchase, brand recommendation and emotional connection. Emotional connection is included within Purchase Intention for 
psychometric evaluation as emotional attachment is a construct which is theoretically different from behavioural intention. There 
are also some dimensions that appear to be potentially heterogeneous in Consumer Orientation. Therefore, it is considered as a 
provisional interpretation until dimensionality and internal consistency are determined, as it is a composite construct. 
5.3.1 Data Preparation 
A total of 386 surveys from young adult consumers were initially gathered. In the data screening process, 10 respondents were 
found who had incomplete responses in the three variables that measured the dependent variable in the predictive models, which 
were Purchase Intention. Thus, an accurate composite Purchase Intention score was not possible for these observations. Since 
the 10 cases were not observed, they were not included in the predictive analysis and the final analytical sample consisted of 376 
respondents (97.41% of the original sample). Another 2.59 percent of observations were omitted only because of dependent-
variable data missing; the other 1 percent were omitted because of respondent characteristics or subjective screening criteria. 
Median imputation was applied within the cross validation process, in order to address the missing values of the predictor 
variables among the retained observations, whilst minimising data leakage. To ensure consistency in the reported predictive and 
segmentation analyses, the same analytical sample of 376 respondents was used for the K-means cluster analysis. The original 
sample (386 respondents) was retained and the exclusion was limited to analyses that required the specified analytical sample.  
5.4 Behavioural Feature Engineering 
The questionnaire had 29 question statements related to behavioural aspects excluding the demographic constructs. The 
questionnaire was administered using Likert's five point scale. All the 29 constructs were grouped into 9 broad dimensions (Refer 
to Annexure 2)  
 

For respondent 𝑖, the composite score for behavioural construct 𝑘 is represented as: 

𝐶𝑖𝑘 =
1

𝑚𝑖𝑘

∑

𝑗∈𝑂𝑖𝑘

𝑄𝑖𝑗  

where 𝑄𝑖𝑗  denotes the response to questionnaire item 𝑗, 𝑂𝑖𝑘  represents the observed items associated with construct 𝑘, and 

𝑚𝑖𝑘  denotes the number of valid responses. 
This transformation produces six explanatory features and one outcome variable. 

The behavioural features of respondent 𝑖 is expressed as: 
Xᵢ = [MPᵢ, SCOᵢ, VCᵢ, COᵢ, DIᵢ, EOᵢ]ᵀ 
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The dependent variable is calculated as: 

𝑃𝐼𝑖 =
1

𝑚𝑖,𝑃𝐼

∑

𝑗∈𝑂𝑖,𝑃𝐼

𝑄𝑖𝑗  

Using the original five point Likert scale interpretation the composite scores are retained and also this reduces the dimensionality 
of the questionnaire. However for factor analysis or reliability testing these composite scores are not useful. This process also 
clears the missing values and makes the data ready for further process. The supervised learning sample consequently comprised 
376 respondents. Missing predictor values were treated through median imputation within the training folds.  This approach is 
also supported with the work of Barakat et al. (2017), who also demonstrated the process to clear missing values to maintain the 
predictive power of the model. As a part of the data clearing process the email addresses were excluded from modelling because 
they constitute personal identifiers rather than theoretically relevant behavioural predictors. 
5.5 Descriptive Statistical Analysis 
To understand the respondents overall perception and the behavioural tendencies descriptive statistics were generated taking 
into account the central tendency scores. The arithmetic mean for construct 𝑘 is defined as: 
 

𝐶𝑘 =
1

𝑛𝑘
∑

𝑛𝑘

𝑖=1

𝐶𝑖𝑘  

where 𝑛𝑘 denotes the number of respondents with a valid composite score. The descriptive analysis provides an initial 
understanding of the relative strength of respondents' reported consumption preferences. It also establishes a foundation for  
interpreting the subsequent correlation and machine learning findings. 
5.6 Correlation Analysis 
To investigate the monotonic associations between the Behavioural constructs and Purchase Intention, Spearman’s rank 
correlation has been used. This method is more suitable for examining the ordinally derived composite scores without requiring 
the same distributional assumptions as Pearson's product-moment correlation. In the absence of tied ranks, Spearman's 
correlation can be expressed as: 
 

𝜌 = 1 −
6∑𝑛

𝑖=1 𝑑𝑖
2

𝑛(𝑛2 − 1)
 

 
where 𝑑𝑖  denotes the difference between paired ranks. Because questionnaire scores contain ties, practical computation uses the 
Pearson correlation of ranked observations with appropriate treatment of tied values. The analysis examines the direction, 
strength and statistical significance of associations between Purchase Intention and each behavioural construct. The significance 
threshold is set at 0.05, while the interpretation also considers effect magnitude rather than relying exclusively on p-values. 
5.7 Supervised Machine Learning 
Supervised Machine Learning (SML) was employed to evaluate the predictive relationships between the six behavioural constructs 
and Purchase Intention. The prediction problem is represented as: 

𝒟 = {(Xᵢ, PIᵢ)}ᵢ₌₁ᴺ 

𝒟 = Supervised machine learning dataset 

Xᵢ = Behavioural predictors of respondent i 

PIᵢ = Actual purchase intention of respondent i 

PÎᵢ = Predicted purchase intention 

fθ = Machine learning prediction function with learned parameters θ 

N = Total number of respondents in the modelling dataset (376) 

θ = Parameters learned by the predictive model 

The objective is to estimate a function 𝑓𝜃 such that: 

PÎᵢ = fθ(Xᵢ) 

The analysis compares Ridge regression and Random Forest regression. These models provide contrasting approaches to 
predictive learning, allowing the study to evaluate whether nonlinear ensemble methods offer measurable advantages over 
regularised linear estimation. 
5.8 Ridge Regression 
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Ridge regression extends ordinary least squares regression through an L2 regularisation penalty. The penalty discourages 
excessively large coefficient estimates and can improve generalisation when predictors are correlated. 

The model is expressed as: 
 

𝑃𝐼̂𝑖 = 𝛽0 + 𝛽1𝑀𝑃𝑖 + 𝛽2𝑆𝐶𝑂𝑖 + 𝛽3𝑉𝐶𝑖 + 𝛽4𝐶𝑂𝑖 + 𝛽5𝐷𝐼𝑖 + 𝛽6𝐸𝑂𝑖  

The optimisation objective is: 

L_Ridge = Σᵢ₌₁ᴺ (PIᵢ − PÎᵢ)² + λ Σⱼ₌₁⁶ βⱼ² 

where 𝜆 denotes the regularisation parameter. 
 

 
The model provides an interpretable benchmark for estimating the combined predictive contribution of the behavioural 
constructs. Other researchers who have used Ridge Regression also claim that this method improves predictive stability Akhtar 
and Alharthi (2025), ability to balance model complexities Huang et al. (2024) and more benefits of adaptive regularisation Peng 
et al. (2026). Hence being used for this research as well.  
5.9 Random Forest Regression 
Random Forest regression is an ensemble learning method that combines predictions from multiple decision trees. Breiman 
(2001) demonstrated that ensemble tree methods can improve predictive performance by reducing instability associated with 
individual decision trees. 

The Random Forest prediction is represented as: 
 

PÎᵢ = (1/T) × Σₜ₌₁ᵀ fₜ(Xᵢ) 
 

where 𝑇 represents the number of trees and 𝑓𝑡 denotes the prediction generated by tree 𝑡. The previously reported 
implementation used 200 trees and a minimum terminal leaf size of four observations. Unlike Ridge regression, Random Forest 
does not require a predefined linear relationship between predictors and the outcome. It can represent nonlinear associations 
and interactions, although this flexibility may increase overfitting risk in relatively small datasets. 
5.10 Cross-Validation and Model Evaluation 
Predictive performance was evaluated through repeated five-fold cross-validation with three repetitions, producing 15 evaluation 
folds. Cross-validation partitions the modelling dataset into training and validation subsets. Each observation contributes to 
validation in a controlled manner, allowing the model's predictive capability to be assessed beyond the observations used for 
fitting. The coefficient of determination is expressed as: 
 

𝑅2 = 1 −
∑𝑛𝑖=1 (𝑃𝐼𝑖 − 𝑃𝐼̂𝑖)

2

∑𝑛𝑖=1 (𝑃𝐼𝑖 − 𝑃𝐼)
2

 

Mean absolute error is calculated as: 
 

𝑀𝐴𝐸 =
1

𝑛
∑

𝑛

𝑖=1

|𝑃𝐼𝑖 − 𝑃𝐼̂𝑖| 

The cross-validation results are interpreted using mean performance across evaluation folds. Because mean fold-level R² is not 
mathematically identical to a single pooled out-of-fold R², the article reports the results specifically as mean cross-validated 
estimates. 
5.11 Unsupervised Behavioural Segmentation 
To group the respondents with similar features based on their behaviour K - Means clustering has been used.  

The clustering objective is expressed as: 
J = Σₖ₌₁ᴷ Σᵢ∈Cₖ ‖Xᵢ − μₖ‖² 

 
Where K denotes the number of clusters, Cₖ represents the set of respondents assigned to cluster k, and μₖ denotes the centro id 
of cluster k. The behavioural variables were standardised before clustering to reduce differences in feature dispersion. Candidate 
solutions containing two, three, four and five clusters were evaluated using the silhouette coefficient. 

For respondent 𝑖, the silhouette coefficient is defined as: 



576 
 
 

576 

 
Adolescencia e Saude, vol. 21, No.10s, p. 568-590 

 

𝑠(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

𝑚𝑎𝑥{𝑎(𝑖), 𝑏(𝑖)}
 

 
where 𝑎(𝑖) denotes the average distance to other observations within the same cluster and 𝑏(𝑖) represents the smallest average 
distance to observations in another cluster. Higher silhouette values indicate stronger separation between clusters. 
 

6. Empirical Results 

The following section reports the descriptive, correlation, regression and clustering estimates from the preceding analytical work. 
These are the available empirical results; the proposed attention-learning, graph-learning and SHAP extensions are not 
represented as completed experiments. Detailed empirical results are given in tables (Refer to annexure 1).  
6.1 Descriptive Results 
The descriptive analysis revealed that among all the constructs the highly endorsed construct was Value Consciousness (VC) with 
a mean score of 4.210. This was followed by Masstige Perception (MP) at 3.854, Ethical Orientation (EO) at 3.742, Purchase 
Intention (PI) at 3.676, Consumer Orientation (CO) at 3.614, Digital Influence (DI) at 3.511 and Symbolic Consumption Orientation 
(SCO) at 3.335. The results indicate that price and quality are generally important factors when it comes to purchasing decisions. 
Value Consciousness is relatively high, suggesting that people are mindful of buying while tending to be positive towards premium 
and aspirational products. There was also relatively high endorsement for Masstige Perception, indicating that consumers are 
aware of the attraction of their prestige-priced products. This finding also supports the conceptualisation of masstige as being a 
premium consumption (Paul, 2015). Also, respondents show favourable attitudes towards sustainability and responsible business 
practices with a mean score of 3.742 for Ethical Orientation. Ethical preferences and aspirational purchases suggest that consumer 
decision-making may be driven by more than one value system, rather than the prestige motivation. The mean of Symbolic 
Consumption Orientation was the lowest of the constructs investigated. This indicates that the motivations involving social images 
were weaker than the value motives. The mean, however, is still slightly superior to the midpoint of the response scale, which 
suggests that symbolic consumption does not entirely form part of the respondents' stated preferences. There is always a 
misconception that young consumers always prefer premium and are status seekers from a generic human centric perspective in 
consumer behaviour studies. However the descriptive study reveals the importance of quality, ethics and affordability in 
consumers purchase decisions.  
6.2 Correlation Results 
Statistically significant positive correlations were found between the six behavioural constructs and Purchase Intention, as 
revealed by Spearman's rank correlation analysis. The highest correlation coefficient was found for the variable Ethical Orientation 
with 0.475 and reported p-value < 0.001 with the variable Purchase Intention. The other factors that showed a positive correlation 
were Consumer Orientation at 0.465, Masstige Perception at 0.416, Digital Influence at 0.407, Symbolic Consumption Orientation 
at 0.350 and Value Consciousness at 0.246. The correlations reported were significant at p < 0.001. The findings indicate that 
Ethical Orientation is positively associated with Purchase Intention, indicating that those who are more inclined towards 
sustainability and responsible business practices also seemed to be more inclined towards purchasing. This result is relevant to 
Industry 5.0 because of the possibility of ethical concerns alongside aspirational purchases. Consumer Orientation was also found 
to be positively associated with Purchase Intention relatively, with positive association. The finding indicates that there is a 
relationship between the broader purchasing preferences of product exclusivity, personalised service, affordability and 
aspirational ownership, and the purchases intention of the respondents regarding masstige products. The results revealed a 
positive correlation of 0.416 between masstige perception and the purchase intention of accessible premium products, which 
suggests that positive evaluation of accessible premium products is related with positive purchase intentions. This finding aligns 
with the premise of masstige marketing that prestige and affordability work together to drive consumer appeal. For Digital 
influence the correlation was positive (0.407). This suggests that users who say that social media, online reviews and digital 
endorsements have a greater influence on their purchases also say that they have a greater purchasing intention. The discovery 
confirms the importance of digital environments in the buying choices of young adults. But the findings shouldn't be read as proof 
of the psychological distress or compulsive use of digital platforms. These outcomes are not directly measured in the 
questionnaire. Positive correlation of 0.350 was obtained for Symbolic Consumption Orientation which indicates that the identity-
related and socially expressive purchasing motivations had a positive relationship with purchasing intention. With the highest 
descriptive mean, but a weakest positive correlation of 0.246, was Value Consciousness. This distinction has significance, albeit in 
theory. While the participants strongly agree that they take the time to consider price and quality, some constructs and not all 
are more likely to predict purchase intention. The overall results of correlation show that the purchasing intention is related to 
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several behavioral dimensions. There are meaningful relationships between the outcomes and ethical considerations, as well as 
consumer preferences, perceived product prestige, digital influence and symbolic motivations. 
6.3 Ridge Regression Results 
The reported mean cross-validated R² for the Ridge regression model was 0.3151 while the mean absolute error was 0.6060. The 
model on average across the evaluation folds accounted for about 31.5% of the variance in purchase intention, compared to the 
respective fold specific baseline. The Mean Absolute Error (MAE) shows the average absolute difference between the actual and 
predicted purchase intention was about 0.606 points on the original composite scale of five points. These outcomes show good 
predictive skills. A meaningful relationship between the measured constructs of behaviour is captured in the model but a 
significant amount of variance is not explained. These unexplained variations may be due to other factors that were not included 
in the questionnaire, such as personal experiences, financial situations at home, preferences for the brands and so on and social 
influences. The factors are not proven but only potential explanations. The Ridge results also indicate that a linear model with 
regularisation can achieve a good predictive performance for the current data set without the need of a very complex architecture. 
This is significant to Human-Centric Artificial Intelligence (HCAI) because the interpretability of the model needs to be considered 
along with the ability of the model to predict. If there is a relatively simple model that is competitive, more complexity requires 
more empirical justification. 
6.4 Random Forest Results 
Random forest analysis reported a mean cross-validated R² and mean absolute error for the Random Forest regression model as 
0.2805 and 0.6050, respectively. The coefficient of determination shows the percentage of the variation in purchase intention 
that can be accounted for by the nonlinear ensemble, on average, across the evaluation folds, which is about 28.1%. The mean 
absolute error was slightly better than the mean absolute error of Ridge regression, but was very small. The results show that 
Random Forest was not always predictive better than Ridge regression. While Random Forest achieved a slightly lower absolute 
error, Ridge regression achieved a higher mean R². The discovery is significant since it has been a common assumption that 
nonlinear algorithms are likely to perform better than traditional statistical models. The present analysis indicates that these 
assumptions need to be tested empirically, especially when sample sizes are rather small and predictors are composed of 
constructs from questionnaires. The close agreement between the performance of the two models also indicates that the 
relationships measured by them can be reasonably well described by a regularised linear system, but it does not imply that the 
underlying behavioural processes are linear. 
6.5 Comparative Interpretation of Predictive Models 
The comparative evaluation shows that Purchase intention has moderate predictive power for both Ridge regression and Random 
forest. Ridge regression had the highest mean cross validated R² and Random Forest had the slightly lowest Mean Absolute Error 
(MAE) MAE. There are no formal paired uncertainty estimates to support a statistical significance of the differences. The 
conclusions are therefore conservative: The predictive performance could not be improved significantly by increasing the 
complexity of the algorithms under the tested setups. The outcome has implications for the proposed HCCI-XAI framework, in the 
sense that the application of the proposed framework will be the same as the previously mentioned application of the XAI 
framework. Technical sophistication isn't the only reason for implementing an advanced machine learning architecture. They 
should be measured in terms of measurable improvements in prediction, interpretability, robustness or fairness. In the current 
study, Ridge regression is used as a baseline model for comparison with the more advanced models. 
6.6 K-means Clustering Results 
The six standardised predictor constructs were used in k-means clustering to identify behavioural similarities between 
respondents. Silhouette coefficients were 0.3578, 0.2485, 0.1941 and 0.1994 for the two-cluster, 3-cluster, 4-cluster and 5-cluster 
solutions, respectively, and 0.1648 for the 5-cluster solution. The two-cluster solution gained the highest silhouette coefficient of 
the alternatives evaluated. The clustering distribution consisted of 199 and 177 respondents in the first and second clusters, 
respectively, which accounted for about 52.9% and 47.1% of the 376 respondents in the modelling sample, respectively. The 
cluster distribution is not too skewed, implying that the algorithm did not find a very small number of strange observations. 
However, the silhouette coefficient is 0.2485, suggesting minor intra-cluster separation. The finding indicates that there is some 
behavioural heterogeneity among respondents, although there are some similarities regarding consumption characteristics. The 
cluster solution is thus not intended to create consumer segments, but rather to provide a basis for recognizing the presence of 
potentially meaningful behavioural differences. To assign substantive descriptions to the groups, cluster centroids need to be 
calculated first. For instance, it would be improper to classify one cluster as being financially vulnerable or psychologically 
distressed, without supporting measurements. The clustering results indicate the need for responsible interpretation from an 
Industry 5.0 point of view. Algorithmic segmentation should not be translated into potentially stigmatising classifications, 
especially with regard to human behavior. 
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6.7 Integrated Empirical Interpretation 
Overall, the descriptive, correlation and machine learning results suggest that there is an interplay between affordability-related 
preferences, ethics, perceived prestige, digital influence and symbolic consumption when it comes to young adults purchasing 
intention. The descriptive results show that value consciousness is high in the sample. However, the bivariate relationships with 
purchase intention are stronger for the ethical orientation and for the general consumer orientation, as revealed in the correlation 
analysis. Results of supervised machine learning show that these behavioral constructs are of moderate predictive value. It is 
observed that Ridge and Random Forest are similar in performance, which implies that the complexity of the model is not 
necessarily associated with better prediction. In addition, the clustering analysis results show that there is behavioural 
heterogeneity among respondents but the groups are overlapping to a large degree. These results are combined to contribute to 
a multilevel view of aspirational consumption. Young adults can also appreciate quality, price, and ethical considerations, as well 
as digital information. The combination of their purchasing behaviour cannot be clearly explained by a status oriented explanation. 
The findings also provide a basis for further research on the interaction between these patterns of consumption and financial 
well-being and consumer autonomy and psychosocial experiences. The present data, however, do not allow for direct conclusions 
to be drawn on mental health. 
 

7. Proposed Advanced HCCI-XAI Architecture 

 
Note: The HCCI - XAI Architecture has been developed by the authors of this research and is an original work.  
 
7.1 Development of Human-Centric Consumption Intelligence 
The empirical results provide a basis for creating a more comprehensive explainable machine learning system. The HCCI-XAI 
framework is an extension of  statistical and machine learning analyses adding to adaptive feature representation, attention-
guided learning, consumer similarity modelling and explainability. The advanced architecture is not just designed to be more 
accurate in predicting the result. Instead, it is to create an analytical system that represents consumers' diverse preferences in a 
transparent and responsible manner. The proposed architecture is a complementary division of the computational components 
of behavioural representation, predictive optimisation and explanation.The respondent-level input vector is defined as: 
 

Xᵢ = [MPᵢ, SCOᵢ, VCᵢ, COᵢ, DIᵢ, EOᵢ]ᵀ 

A behavioural embedding: 

Zᵢ = σ(WₑXᵢ + bₑ) 

 
Where Wₑ represents the learnable embedding matrix, bₑ denotes the bias vector, and σ represents a nonlinear activation 
function. The resulting representation is intended to capture interactions among behavioural constructs that may not be fully 
represented by their original composite scores. Because the present dataset contains only six composite predictors and a modest 
sample size, embedding dimensions must be restricted to avoid unnecessary model complexity. 
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7.2 Attention-Guided Feature Fusion 
The proposed attention mechanism allows the model to assign different predictive weights to behavioural dimensions. The 
attention coefficient for construct 𝑘 and respondent 𝑖 is expressed as: 
 

𝛼𝑖𝑘 =
𝑒𝑥𝑝 (𝑔𝑖𝑘)

∑𝐾𝑗=1 𝑒𝑥𝑝 (𝑔𝑖𝑗)
 

where 𝑔𝑖𝑘  denotes the learnable attention score. 

The fused behavioural representation is: 

Hᵢ = Σₖ₌₁ᴷ αᵢₖ Zᵢₖ 

The attention weights satisfy: 

 

∑

𝐾

𝑘=1

𝛼𝑖𝑘 = 1 

This architecture would allow the predictive system to assign different weights to behavioural dimensions across respondents. 
For example, affordability-related characteristics may be more informative for some respondents, whereas ethical orientation or 
digital influence may contribute more strongly to predictions for others. However, attention weights should not automatically be 
interpreted as causal importance or as explanations of psychological motivation. Their reliability must be assessed through 
appropriate validation and comparison with independent explanation methods. The attention architecture remains a proposed 
extension. Its predictive performance and learned parameters have not yet been established by the reported empirical analysis. 
7.3 Graph-Based Consumer Similarity Learning 
The original CPIFusion-XAI manuscript proposes graph-based learning to represent behavioural similarities among consumers. 
This principle can be adapted to HCCI-XAI. 

A consumer similarity graph is defined as: 
G = (V, E) 

where 𝑉 represents respondents and 𝐸 represents similarity-based connections. 
Cosine similarity between respondents is calculated as: 

S(i,j) = (Xᵢᵀ Xⱼ) / (‖Xᵢ‖ × ‖Xⱼ‖) 
 

Connections may be established through a predefined similarity threshold or a nearest-neighbour procedure. A graph attention 
mechanism can then aggregate information from behaviourally similar respondents and is represented by:  
 
 

hᵢ⁽ˡ⁺¹⁾ = σ(Σⱼ∈𝒩(i) αᵢⱼ W⁽ˡ⁾ hⱼ⁽ˡ⁾) 

G = Consumer similarity graph 

V = Set of respondents represented as graph nodes 

E = Set of similarity-based connections between respondents 

S(i,j) = Cosine similarity between respondents i and j 

Xᵢ = Behavioural feature vector of respondent i 

Xⱼ = Behavioural feature vector of respondent j 

Xᵢᵀ = Transpose of respondent i's feature vector 

‖Xᵢ‖ = Euclidean norm of respondent i's feature vector 

𝒩(i) = Set of neighbouring respondents connected to respondent i 

αᵢⱼ = Attention coefficient assigned to neighbour j 

W⁽ˡ⁾ = Learnable weight matrix at graph layer l 

hⱼ⁽ˡ⁾ = Hidden representation of respondent j at layer l 

hᵢ⁽ˡ⁺¹⁾ = Updated hidden representation of respondent i at the next layer 

σ = Nonlinear activation function 
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The graph is intended to represent statistical similarity rather than actual social relationships. An important methodological 
requirement is that graph construction must respect cross-validation boundaries. Validation observations must not influence the 
construction of training representations in ways that leak information into model fitting. Given the sample size and relatively small 
feature space, graph learning should be treated as an experimental extension rather than an assumed improvement. 
7.4 Explainable Artificial Intelligence 
Explainability is central to the proposed framework because the research seeks to understand behavioural relationships rather 
than generate opaque predictions. SHapley Additive exPlanations provide a method for decomposing model outputs into feature 
contributions (Lundberg & Lee, 2017). 

The explanation function is expressed as: 
 

𝑃𝐼̂𝑖 = 𝜙0 +∑

𝐾

𝑘=1

𝜙𝑖𝑘  

PÎᵢ = Predicted purchase intention of respondent i 

φ₀ = Baseline model prediction 

φᵢₖ = SHAP contribution of behavioural feature k to respondent i's prediction 

K = Total number of behavioural features (6) 

Σ = Summation of individual feature contributions 

i = Individual respondent 

k = Behavioural feature index 

Global explainability would examine the relative contribution of behavioural features across the sample. Local explainability would 
investigate how individual combinations of features influence particular predictions. For example, the analysis could determine 
whether a respondent's predicted purchasing intention is associated more strongly with ethical orientation, masstige perception, 
value consciousness or digital influence. However, SHAP values would describe predictive contributions rather than establish 
causal effects. The present study has not yet reported computed SHAP values. Consequently, the correlation coefficients 
presented in the empirical findings must not be interpreted as feature attribution estimates. 
7.5 Proposed Hybrid Optimisation Function 
The advanced HCCI-XAI architecture may integrate predictive error, model regularisation and explanation stability within a unified 
objective. A possible formulation is: 

L_HCCI-XAI = L_prediction + λ₁Ω(θ) + λ₂L_stability 

The prediction component (Prediction loss function) can be expressed as: 

L_prediction = (1/N) × Σᵢ₌₁ᴺ (PIᵢ − PÎᵢ)² 

An explanation stability (Explanation stability loss function) objective could be formulated as: 

L_stability = (1/N) × Σᵢ₌₁ᴺ ‖φ(Xᵢ) − φ(X̃ᵢ)‖₂² 

L_HCCI-XAI = Total optimisation loss of the proposed HCCI-XAI framework 

L_prediction = Prediction error measured using mean squared error 

L_stability = Explanation stability penalty 

λ₁ = Regularisation coefficient controlling model complexity 

λ₂ = Weight assigned to explanation stability 

Ω(θ) = Regularisation function applied to model parameters 

θ = Learnable model parameters 

N = Total number of respondents in the modelling dataset (376) 

PIᵢ = Actual purchase intention of respondent i 
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PÎᵢ = Predicted purchase intention of respondent i 

Xᵢ = Original behavioural feature vector of respondent i 

X̃ᵢ = Valid, slightly perturbed behavioural feature vector 

φ(Xᵢ) = SHAP feature attribution vector for the original input 

φ(X̃ᵢ) = SHAP feature attribution vector for the perturbed input 

‖ ‖₂² = Squared Euclidean norm measuring differences between attribution vectors 

Σ = Summation operator 

8. Discussion 
The empirical findings give an interdisciplinary understanding on young adult consumer’s consumption pattern due to the 
relevance of value consciousness, ethical orientation, digital influence and symbolic motivations and aspirational purchase 
preferences. Value Consciousness had the highest descriptive mean and thus suggests that participants generally consider price 
and quality as a part of their evaluation when purchasing. This is a test of a simplistic assumption of young adult aspirational 
consumption, that it is largely concerned with prestige or social recognition. It is also noted that the Ethical Orientation and 
Purchase Intention variables are positively correlated, which suggests that there is no conflict between consumers' ethical 
preferences and their desire for affordable premium products. This relationship is valid in the dimension of sustainability of 
Industry 5.0, which is focused on the convergence of economic growth, environmental and sociological aspects. The correlation 
between Digital Influence and Purchase Intention highlights the importance of the online world in the consumer decision making 
process of these days. Digital platforms provide information and comparative evaluations of products, social recommendations 
and even expectations of commerce and idealized images of consumption. From a psychosocial viewpoint, these results justify 
the investigation and comprehension of the interactions between digital consumption surroundings and identity formation and 
perceived monetary independence. However, it is unable to conclude if the anxiety and social comparison distress and reduction 
in well-being resulting from digitally-influenced purchase is caused by the product. The results of predictive machine learning are 
a methodological addition. Increased computational complexity did not lead to better predictive performance as seen when Ridge 
regression had a slightly higher mean cross-validated R² than Random Forest. This is especially true in the case of artificial 
intelligence (AI) focussing on “Human Centric Ecosystem”. When the predictive performance of a simple model is comparable to 
that of a more complex model, it may be better. These models can help to interpret the data more clearly and simplify unwanted 
implementation. The results of clustering also offer insights into behavioural heterogeneity. The two cluster solution suggests that 
it may be possible to classify respondents with regard to their attitude towards the purchase to some degree. The small silhouette 
coefficient, however, indicates that there are high overlaps between groups. The results suggest that a continuum of consumer 
behavior instead of a classification perspective might be better. This is a well-resonated interpretation since it refrains from 
attaching potentially inappropriate labels to people. Considering the whole picture, the findings are favourable to a person-centric 
consumption intelligence strategy, using predictive analytics to analyse human behavior but respecting individual autonomy and 
without psychological classifications without support. 
 

9. The implication for the health and well-being of young adults. 

Young adults experience numerous transitions –social pressure, work pressure, and financial expectations and obligations. These 
changes can come at a time when the consumption decision can be associated with personal objectives and fantasies about 
others. The present study demonstrates the measurability of digital influence and furthermore symbolic consumption and 
preferences related to affordability in purchasing behaviour of young adults. The dimensions could be relevant to health related 
research as financial well-being and experiences with digital technologies are part of a wider social environment within which 
young people grow up. Results can be utilized in educational programmes on digital consumer literacy. These programmes might 
assist students to assess influencer promotion, understand the difference between commercial persuasion and independent 
information, and make the buying decisions in line with their own financial situation. The high rating for Value Consciousness 
indicates that the factor of affordability and quality is already a very important factor for the respondents. Financial education 
programmes can then adapt their messages to take account of consumers' existing preferences and behaviours rather than 
assuming youth don't know that consumers know the difference between price and value. The results also offer a foundation for 
interdisciplinary collaborative efforts between educators, public health researchers and psychologists and consumer behaviour 
specialists. The present study, however, cannot be definitive in determining that the respondents are experiencing psychological 
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distress related to aspirational consumption. Nor can it state whether or not specific buying patterns will have a positive or 
negative impact on mental health. These are relevant questions that could be answered in future studies using validated 
instruments to assess perceived stress, symptoms of anxiety, subjective financial well-being, social comparison, and consumer 
autonomy. 
 

10. Industry 5.0 Implications 
The significance of Artificial Intelligence for the wellbeing of consumers can be viewed as a part of the new industrial revolution. 
Industry 5.o and 6.o have been more values oriented and human centered. The theme is very plain and simple “make things 
appear to be better and non complicated”. The European Commission (2021) highlighted the importance of Industry 5.0 not only 
being technologically efficient, but also human-centric, sustainable and resilient. Consumer analytics algorithmic systems should 
not only boost business engagement, but also decisions based on knowledge. The HCCI-XAI framework adds to this view by 
combining the behavioural prediction with explicit interpretability and responsible application. The findings of this study indicate 
that the ethics, preference based on price and digital influence are relevant to the purchasing behavior of young adults. These are 
insights that can be used for developing consumer information systems, which can offer better comparisons of products, more 
clear recommendations and information about sustainability. The misconception on adults that they tend to spend more and are 
not financially responsible is not true and this is the game changer which has to be understood by brands. Consumer segmentation 
models, based on financial constraints and/or psychological sensitivity, could be modified to target consumers for exploitation, 
resulting in new discoveries. The present research is thus to be interpreted as a confirmation of the aggregate behavioural analysis 
and not for any commercial use of the target group. The framework should also cover privacy protection, fairness assessment, 
human oversight, and clear guidelines for the use of predictive outputs. In this sense, HCCI-XAI is not only the prediction of the 
intention to purchase but the power of the behaviour analytics to be integrated into a larger context of human welfare and 
intelligent technologies. The results offer a basis for creating evidence-based consumer education programs for young adults, 
Financial and digital media literacy, and motivation to involve in a responsible consumption process. In addition these principles 
can be incorporated into student development programmes in educational institutions. These could include the impact of social 
media advertising, premium brand positioning, installment purchasing and ethical product evaluation. This will also enhance 
students' critical thinking, sense of deep observational skills and ability to engage in competitive buying rather than just being 
carried away by desires nudged by brands. 
Value Consciousness is also well supported and indicates that financial education can create more awareness to be more 
responsible and seek products/services which render more value and benefits. The research has significant public policy 
implications in the areas which include: transparent digital marketing, consumer protection, cyber issues in algorithmically 
mediated  platforms etc. In addition, recommendation systems and financial conditions, consumer autonomy and commercial 
persuasions should be taken into account when developing responsible artificial intelligence policies. However, policy 
recommendations should be considered in the light of evidence but to be proportionate. This current study offers associations 
and predictive results for purchasing behaviour, but does not directly address mental health outcomes or harmful business 
practices. The first problem encountered in this study is the limitation of the study population restricted to a particular group. The 
respondents were mostly young adults – mostly post-graduate students – at educational institutions in Bengaluru. Therefore, the 
results may not be applicable to other adolescents or to young adults who are from rural settings who have varying socioeconomic 
backgrounds. The second constraint relates to the cross-sectional research design. Since the questionnaire measures behavioural 
attitudes in the past, the ordering or causal inference of behaviour is not made. The third restriction concerns data that is self-
reported. Recalls may affect responses or social desirability and personal interpretation of items in questionnaires can affect 
responses. The fourth constraint is for the construct measurement. Behavioural variables were created by aggregating the items 
from questionnaires. This is conveniently done mathematically, but the reliability and factor validation of the measure must be 
formalized to ensure that the measure is of good quality. The fifth constraint is related to predictive performance. The Ridge and 
Random Forest models were quite moderate in predictive capacity, suggesting a significant amount of unexplainable variation in 
Purchase Intention. The sixth limitation is that of the relatively small sample size. While the dataset can be used for exploratory 
machine learning, more intricate models like graph neural networks and attention-based ones might be prone to overfitting. The 
seventh restriction is cluster related. Modest separation is illustrated by the best reported silhouette coefficient and cluster 
stability has yet to be verified with repeated resampling. The eighth restriction is in relation to the Consumer and Psychological 
Health distinction. There are no validated measures of anxiety, depression, perceived stress or psychological well-being in the 
questionnaire. As a result, there is no current data to support a mental health diagnosis, vulnerability classification or 
psychological risk prediction. Last, the proposed HCCI-XAI architecture is a methodological extension. Further it needs to be 
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implemented and independently validated in order to make empirical claims on its performance for its attention mechanisms, 
graph learning, and explanations based on SHAP values. 
 

13. Future Research 
Further studies could build upon the current research by combining the current study with longitudinal study involving a deep 
investigation to find the changes in consumer behaviour, digital influence, financial situations, and psychological well-being over 
time. Longitudinal data can be used to examine whether the changes in aspirational consumption lead to changes in financial 
pressure or psychological experiences. Follow-up studies should use validated mental health instruments in addition to the current 
consumer questionnaire. Instruments like the Perceived Stress Scale, Generalized Anxiety Disorder scale and Patient Health 
Questionnaire may be used (Cohen et al., 1983; Spitzer et al., 2006; Kroenke et al., 2001). The proposed Consumption-Related 
Psychosocial Vulnerability construct also needs to be conceptually developed and validated independently. It should be developed 
so that measures of social comparison, external purchasing pressure, perceived financial anxiety and related psychological 
outcomes are directly included. Future computational studies could be done to compare Ridge regression and Random Forest 
with other approaches such as XGBoost, CatBoost, attention-based neural networks and graph-learning architectures. 
Comparisons should be done using the same cross-validation partition, a good hyperparameter search, and clear performance 
reporting. Through the use of SHAP analysis, this study could offer some other explanations of the behaviour of the model, such 
as finding out in what proportion individual predictors influence the purchasing intention. More external validation by city, 
institution and socioeconomic groups would increase the generalisability of the findings. Studies with younger adolescent groups 
would also help to ensure the framework is more consistent with research on adolescent health. These investigations would 
involve age-appropriate questionnaires, appropriate consent protocol and safeguards regarding psychological information of a 
sensitive nature. 
 

14. Conclusion 

The present study aimed to examine the aspiration consumption and buying intention of young adults (mostly post-graduates) 
from the city of Bangalore in Karnataka using statistical analysis and machine learning methodologies. The results indicate that 
there are various dimensions such as value consciousness, ethical orientation, masstige perception, consumer orientation, digital 
influence and symbolic consumption that are linked to the purchase behavior of the young adult population. The highest mean 
score in purchase behaviour influence is Value Consciousness with a mean score of 4.210. In addition to this the results of 
correlation showed that there was a positive and significant relationship between Ethical Orientation and Purchase Intention, 
followed by Consumer Orientation and Masstige Perception and Digital Influence. Moderate predictive ability was shown with 
supervised machine learning and this is because consumer purchase intention is complex in nature and is highly influenced by 
market trends, changing emotions and situational factors. The later reported model configuration, with Ridge regression giving a 
reported mean cross-validated R² of 0.3151, and Random Forest 0.2805. This is not because the dataset was small (N = 376). The 
sample size used in this research is decent however; the observations in this study did not guarantee higher predictive power. The 
study advances the study of consumer behaviour with its multidimensional approach to aspirational purchase and the benefit of 
interpretable predictive modelling. In the context of Industry 5.0, its relevance is that it can make consumer knowledge "human-
centric" and make transparency, sustainability, autonomy and responsible use of technology important factors that influence and 
nudge purchase intentions. The overall results provide an empirical basis for examining the potential linkages between young 
adult psychosocial development, digital consumer environments, abilities in financial decision making and social identity, from a 
mental health promotion standpoint. The present study, however, does not report direct measures of mental health in relation 
to the study because it does not address psychological constructs like anxiety, purchase phobia or emotional wellbeing. The 
proposed “HCCI-XAI” structure can be a starting point for future research that will integrate validated psychological instruments 
and responsible machine learning in the development of digital consumer ecosystems for informed decisions and human well-
being. 
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Annexure 1: Statistical and Machine Learning Analysis Tables 
 
Table 1. Dataset characteristics and analytical sample 

 

Parameter Value 

Total respondents 386 

Total recorded variables 35 

Behavioural questionnaire items 29 

Independent behavioural constructs 6 

Dependent construct Purchase Intention 

Missing behavioural item responses 204 

Valid observations for supervised ML 376 

Measurement scale Five-point Likert 

Data collection period March–July 2026 

 
Table 2. Age distribution of respondents 

 

Age category Frequency Percentage 

18–20 years 20 5.18% 

21–23 years 253 65.54% 

24–26 years 95 24.61% 

27 years and above 16 4.15% 

Missing 2 0.52% 

Total 386 100.00% 

The sample predominantly represents young adults aged 21–23 years. 
 
Table 3. Descriptive statistics of behavioural constructs 

 

Behavioural construct Abbreviation Valid N Mean 

Masstige Perception (Independent) MP 385 3.8543 

Symbolic Consumption Orientation 
(Independent) 

SCO 383 3.3351 

Value Consciousness (Independent) VC 384 4.2096 

Consumer Orientation (Independent) CO 382 3.6143 
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Digital Influence (Independent) DI 381 3.5109 

Ethical Orientation (Independent) EO 375 3.7422 

Purchase Intention (Dependent) PI 376 3.6755 

Interpretation: Value Consciousness recorded the highest mean, followed by Masstige Perception and Ethical Orientation. 
Symbolic Consumption Orientation recorded the lowest mean. 
 
Table 4. Spearman's rank correlation with Purchase Intention 

 

Independent variable Valid pairs Spearman's ρ Significance 

Masstige Perception 376 0.4157 p < 0.001 

Symbolic Consumption Orientation 376 0.3500 p < 0.001 

Value Consciousness 376 0.2459 p < 0.001 

Consumer Orientation 375 0.4655 p < 0.001 

Digital Influence 375 0.4073 p < 0.001 

Ethical Orientation 374 0.4749 p < 0.001 

Interpretation: All six predictors demonstrated statistically significant positive associations with Purchase Intention. Ethical 
Orientation showed the strongest bivariate association, followed by Consumer Orientation. 
 
Table 5. Supervised machine learning model configuration 

 

Model parameter Ridge Regression Random Forest 

Outcome variable Purchase Intention Purchase Intention 

Predictor variables MP, SCO, VC, CO, DI, EO MP, SCO, VC, CO, DI, EO 

Modelling sample 376 376 

Missing predictor treatment Median imputation Median imputation 

Cross-validation Repeated 5-fold × 3 Repeated 5-fold × 3 

Evaluation folds 15 15 

Regularisation α 1 N/A 

Number of trees N/A 200 

Minimum leaf size N/A 4 

Random seed 42 42 

 
Table 6. Comparative machine learning performance 
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Evaluation metric Ridge Regression Random Forest 

Mean cross-validated R² 0.3133 0.2798 

Standard deviation of R² 0.0972 0.0913 

Mean absolute error (MAE) 0.6059 0.6051 

Number of validation folds 15 15 

Interpretation: Ridge regression achieved higher mean cross-validated R², whereas Random Forest achieved a marginally lower 
MAE. The results do not establish statistically significant superiority for either model. 
 
Table 7. K-means clustering validation 

 

Number of clusters (K) Silhouette coefficient 

K = 2 0.2485 

K = 3 0.1932 

K = 4 0.1994 

K = 5 0.1655 

Interpretation: The two-cluster solution achieved the highest silhouette coefficient among the evaluated alternatives, although 
the relatively low value indicates modest cluster separation. 
 
Table 8. Distribution of the selected two-cluster solution 

 

Cluster Respondents Percentage 

Cluster 1 199 52.93% 

Cluster 2 177 47.07% 

Total 376 100.00% 

Interpretation: The clustering results identified two relatively balanced groups. Their substantive behavioural characteristics 
cannot be determined without examining cluster centroids. 
 
Table 9. Summary of empirical findings 

 

Analytical technique Key result Research implication 

Descriptive statistics VC mean = 4.2096 Value-related considerations are strongly 
endorsed 

Spearman correlation EO–PI, ρ = 0.4749 Ethical orientation has the strongest observed 
bivariate association with purchase intention 

Spearman correlation DI–PI, ρ = 0.4073 Digital influence is positively associated with 
purchase intention 

Ridge Regression R² = 0.3133 Regularised linear modelling provides moderate 
predictive performance 
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Random Forest R² = 0.2798 Nonlinear ensemble modelling did not improve 
mean R² 

K-means clustering Optimal tested K = 2 Some behavioural heterogeneity is present 

Silhouette validation 0.2485 Cluster separation is modest 

 
Table 10. Alignment between proposed HCCI-XAI techniques and empirical evidence 

 

Analytical component Formula or technique Empirical status 

Behavioural feature engineering Construct mean aggregation Completed 

Correlation analysis Spearman's ρ Completed 

Regularised prediction Ridge regression Completed 

Ensemble prediction Random Forest Completed 

Behavioural segmentation K-means clustering Completed 

Cluster validation Silhouette coefficient Completed 

Gradient boosting XGBoost Not yet evaluated 

Explainable AI SHAP Not yet evaluated 

Attention-guided feature fusion Softmax attention Proposed only 

Graph-based similarity learning Graph neural network Proposed only 

Mental health prediction Validated psychological outcomes Not supported by dataset 

 
Annexure 2 - Questionnaire constructs (Excluding demographic variables) 

 

1. Masstige Perception (MP) 

Q7: I prefer brands that offer premium quality at 
reasonable prices. 

Q8: I feel masstige brands provide a balance 
between prestige and affordability. 

Q9: Masstige brands help me experience a sense of 
luxury within my budget. 

Q10: I associate masstige brands with modern 
lifestyle and social acceptance. 

 

2. Social Comparison Orientation (SCO) 

Q11: The brands I use reflect who I am. Q12: I feel proud when others notice the brands I 
use. 

Q13: I prefer brands that enhance my social image. Q14: I buy certain brands to project success or 
sophistication. 

 

3. Value Consciousness (VC) 

Q15: I carefully compare prices before buying 
premium products. 

Q16: I seek the best quality for the money I spend. 
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Q17: Even for prestigious brands, price matters to 
me. 

Q18: Discounts strongly influence my purchase 
decisions. 

 

5. Digital Influence (DI) 

Q27: Social media affects how I perceive premium 
brands. 

Q28: Online reviews influence my purchase 
decisions. 

Q29: Influencers increase my confidence in certain brands. 

 

6. Ethical Orientation (EO) 

Q30: I prefer brands that care about sustainability. Q31: Ethical business practices influence my brand 
choice. 

Q32: I am willing to pay slightly more for environmentally responsible products. 

 

7. Purchase Intention (PI) & Additional Item 

Q33: I plan to continue buying masstige brands in 
the future. 

Q34: I would recommend these brands to others. 

Q35: I feel emotionally connected to certain masstige brands. 

 

4. Consumer Orientation (CO) 

Q19: I prefer exclusive products even if they cost 
slightly more. 

Q20: Personalized service makes me loyal to a 
brand. 

Q21: I can afford luxury brands but prefer value-for-
money alternatives. 

Q22: I look for both status and practical benefits in a 
brand. 

Q23: I aspire to own prestigious brands even if they 
are expensive for me. 

Q24: EMI or installment options influence my buying 
decisions. 

Q25: I change brands based on price and offers. Q26: I balance prestige and affordability when 
choosing brands. 
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