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Abstract: This paper examines the impact of social stratification on trust in recommender systems.
Recommender systems have become an essential tool for users to navigate vast amounts of informa-
tion online, but trust in these systems has become a concern. The focus of this study is to investigate
whether social stratification, defined by socioeconomic status, affects trust in recommender systems.
We first review the literature on trust in recommender systems and social stratification, highlighting
gaps in the current research. We then describe the methodology used in our study, which involves
the analysis of valid and consented responses received from 487 participants from different socioeco-
nomic backgrounds, registered in an online survey. This study aimed to investigate the influence
of social stratification, specifically income, on trust in recommender systems. Results showed a
curvilinear relationship between income and trust in recommender systems, such that moderate
income levels were associated with higher levels of trust, while both low- and high-income levels
were associated with lower levels of trust. These findings suggest that income plays an important
role in shaping users’ trust in recommender systems and highlight the need for future research to
examine the complex interplay between social stratification and trust in technology.

Keywords: social stratification theory; trust in recommender systems; curvilinear relationship

1. Introduction

Recommender systems have become increasingly prevalent in modern society [1],
providing users with personalized recommendations for products, services, and even social
connections. These systems rely on algorithms that analyze user behavior and preferences
in order to provide targeted recommendations. Recommender systems are algorithms
that analyze user behavior and preferences to provide personalized recommendations for
products, services, or even social connections. They are used in a variety of applications
such as e-commerce, social networking, and content streaming platforms. There are several
types of recommender systems, including content-based, collaborative filtering, and hybrid
recommender systems. Content-based systems recommend items similar to those a user
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has liked in the past, while collaborative filtering systems recommend items based on
the preferences of other users with similar tastes. Hybrid recommender systems combine
both approaches to provide more accurate and diverse recommendations. The functioning
of a recommender system typically involves collecting user data such as browsing and
purchase history, ratings and reviews, and social connections. This data is then used to
create a user profile, which is compared with other profiles in the system to identify similar
users or items. Recommendations are then generated based on this analysis and presented
to the user.

While recommender systems can be highly effective, there is growing concern about
the role of social stratification in shaping the recommendations that users receive.

Social stratification refers to the hierarchical ranking of individuals and groups within
a society based on factors such as income, education, and social status [2,3]. Research has
shown that social stratification can influence the recommendations that users receive from
recommender systems [4]. For example, users from higher socioeconomic backgrounds
may receive recommendations for more expensive products or services, while users from
lower socioeconomic backgrounds may receive recommendations for lower-priced items.

The influence of social stratification on trust in recommender systems is an important
area of research, as trust is a key factor in the adoption and use of these systems. Trust
in recommender systems is influenced by a number of factors, including the perceived
accuracy and relevance of recommendations, the perceived fairness of the system, and the
degree of transparency in how recommendations are generated [5–7]. However, the role of
social stratification in shaping these factors is not well understood.

Research on trust in recommender systems has primarily focused on factors such
as algorithmic transparency and user control over the system [8]. However, there is
growing recognition that social stratification may play an important role in shaping users’
perceptions of recommender systems [9]. This research aims to explore the influence of
social stratification on trust in recommender systems, with a focus on how socioeconomic
status and other indicators of social stratification shape users’ perceptions of accuracy,
fairness, and transparency in recommender systems.

Recommender systems have proven to be highly effective in improving user satis-
faction and engagement, but they also pose several challenges related to user trust and
transparency. In particular, users may be skeptical of recommendations that they perceive
as biased or unfair, leading to a lack of trust and reduced engagement with the system. In
this paper, we explore the role of social stratification in shaping user trust in recommender
systems. Social stratification refers to the division of society into hierarchical layers based
on factors such as income, education, and occupation. We argue that social stratification can
significantly impact user trust in recommender systems, as users may be more or less likely
to trust recommendations based on the perceived socioeconomic status of the recommender.

This research aims to fill an important gap in the literature by investigating the influ-
ence of social stratification on trust in recommender systems. Specifically, we focus on how
socioeconomic status and other indicators of social stratification shape users’ perceptions of
accuracy, fairness, and transparency in recommender systems. Our study is innovative in
its approach to examining the relationship between social stratification and trust in recom-
mender systems and has important implications for both researchers and practitioners. By
identifying the mechanisms through which social stratification affects trust in recommender
systems, we can develop more effective strategies for building trust and increasing the
adoption and use of these systems by users from diverse socioeconomic backgrounds.

Our study extends previous research by exploring the curvilinear effects of the predic-
tor variables on the outcome variable using quadratic regression analysis. While previous
studies have examined the relationship between the predictor variables and the outcome
variable, they typically assume a linear relationship. Our study contributes to the literature
by showing that the relationship between the predictor variables and the outcome variable
is not always linear and there may be a curvilinear effect.
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2. Theoretical Framework

This research is guided by social stratification theory, which posits that social inequali-
ties are shaped by the interaction of structural factors such as education and income [10–12]
with individual factors such as race and gender [13,14]. In the context of recommender
systems, social stratification theory suggests that individual factors such as socioeconomic
status and race may interact with algorithmic factors to shape the recommendations that
users receive.

Social stratification theory is particularly relevant to the study of trust in recommender
systems because it emphasizes the role of structural factors in shaping individual experi-
ences and perceptions. Research has shown that individuals from different socioeconomic
backgrounds may have different levels of trust in technology [15,16]. For example, indi-
viduals with higher levels of education may be more likely to trust recommender systems,
while individuals with lower levels of education may be more skeptical. By exploring the
influence of social stratification on trust in recommender systems, this research seeks to
contribute to a deeper understanding of how social inequalities are perpetuated in the
digital age.

Recommender systems have become ubiquitous in various online platforms, ranging
from e-commerce websites [17] to social media platforms [18], providing personalized
recommendations to users based on their past interactions with the system [19–23].

However, the accuracy and effectiveness of recommender systems rely heavily on
the ability to accurately predict users’ preferences and recommend items that align with
those preferences. The use of collaborative filtering (CF) algorithms and content-based
filtering (CBF) algorithms is widespread in recommender systems, with CF being the most
commonly used approach [24–26]. However, the efficacy of these algorithms is limited, as
they often suffer from issues such as data sparsity, cold start problems, and lack of diversity
in recommendations [8].

To address these issues, recent research has focused on developing more robust and
effective recommender systems, integrating social and contextual information into the
recommendation process, and incorporating explainability features to enhance users’ trust
in the system [27,28]. This literature review provides an overview of the latest research
in these areas and discusses the implications for building more effective and trustworthy
recommender systems.

2.1. Robust Recommender Systems

Robust recommender systems are designed to mitigate the effects of data sparsity and
the cold start problem, which can affect the accuracy and effectiveness of recommendations.
Various techniques have been proposed to improve the robustness of recommender systems,
including matrix factorization, clustering, and deep learning approaches.

Matrix factorization is a popular approach for collaborative filtering recommender
systems, which involves factorizing the user-item interaction matrix into two low-rank
matrices, representing users and items [5,29,30]. This approach can effectively handle the
data sparsity issue and improve the accuracy of recommendations [31]. However, it may
suffer from overfitting and lack of interpretability.

Clustering is another approach that has been used to improve the robustness of
recommender systems. It involves grouping similar users or items based on their fea-
tures and interactions, allowing the system to provide more diverse and personalized
recommendations [8]. However, clustering requires a large amount of data and may not
perform well when dealing with rare or unique items.

Deep learning approaches, such as neural networks, have also been applied to rec-
ommender systems, providing more accurate and robust predictions by learning complex
non-linear relationships between users and items [32,33]. These approaches have been
shown to outperform traditional matrix factorization methods, but they require large
amounts of data and may not be suitable for small or sparse datasets.
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2.2. Social-Aware Recommender Systems

Social-aware recommender systems aim to enhance the accuracy and effectiveness of
recommendations by incorporating social information, such as users’ social network con-
nections, into the recommendation process. The idea behind social-aware recommender sys-
tems is that users’ preferences and behaviors are influenced by their social connections [34]
and incorporating this information can improve the accuracy of recommendations.

Various approaches have been proposed for social-aware recommender systems, in-
cluding social collaborative filtering, social matrix factorization, and social network analysis.
Social collaborative filtering (SCF) is a technique that combines collaborative filtering with
social network analysis to provide more accurate and personalized recommendations [35].
SCF uses the social network structure to identify similar users and items, allowing the
system to provide recommendations that are more aligned with users’ preferences.

Social matrix factorization (SMF) is another approach that integrates social information
into the matrix factorization process by considering the social network connections between
users and their interactions with items [36]. This approach can effectively handle the data
sparsity issue and improve the accuracy of recommendations. However, it requires a large
amount of social data and may not be suitable for small or sparse datasets [37].

Social network analysis (SNA) is a technique that analyzes the structure of social net-
works to identify influential users and communities and to understand the social influence
on users’ preferences and behaviors [38]. SNA can be used to improve the accuracy and ef-
fectiveness of recommendations by identifying users who are likely to provide high-quality
feedback or by recommending items that are popular among influential users [39,40].

2.3. Explainable Recommender Systems

Explainable recommender systems aim to enhance users’ trust and understanding of
the recommendation process by providing explanations for the recommendations. These
systems address the black-box nature of traditional recommender systems, where users
may not understand the reasons behind the recommendations and may not trust the system
as a result.

Various approaches have been proposed for explainable recommender systems, in-
cluding rule-based approaches, case-based reasoning, and natural language generation [41].
Rule-based approaches involve using if–then rules to explain the recommendations to users,
providing a transparent and understandable explanation for the recommendations [8]. Case-
based reasoning involves using past cases and their outcomes to generate explanations for
the recommendations [42]. Natural language generation involves generating natural lan-
guage explanations for the recommendations, allowing users to understand the reasoning
behind the recommendations in a more intuitive way [43].

The integration of robust, social-aware, and explainable features into recommender
systems has significant implications for users’ trust in these systems. Trust is a critical factor
in users’ adoption and continued use of recommender systems, as users are more likely to
use and rely on systems that they trust [44]. Robust recommender systems can enhance
users’ trust in the system by providing more accurate and diverse recommendations,
which align with users’ preferences. Social-aware recommender systems can enhance
users’ trust in the system by providing recommendations that are more personalized and
aligned with users’ social connections. Explainable recommender systems can enhance
users’ trust in the system by providing transparent and understandable explanations
for the recommendations, allowing users to understand and trust the reasoning behind
the recommendations.

However, the integration of these features into recommender systems also raises ethi-
cal and privacy concerns. Social-aware recommender systems may collect sensitive user
information, such as social network connections, raising privacy concerns [26]. Explainable
recommender systems may reveal sensitive information about users’ preferences and be-
haviors, raising ethical concerns. Therefore, it is essential to balance the benefits of these
features with the potential ethical and privacy concerns and ensure that users’ privacy and
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ethical concerns are adequately addressed. The integration of robust, social-aware, and
explainable features into recommender systems has significant implications for users’ trust
in these systems. Robust recommender systems can enhance users’ trust in the system
by providing more accurate and diverse recommendations, while social-aware recom-
mender systems can enhance users’ trust by providing recommendations that are more
personalized and aligned with users’ social connections [45]. Explainable recommender sys-
tems can enhance users’ trust by providing transparent and understandable explanations
for the recommendations, allowing users to understand and trust the reasoning behind
the recommendations.

In conclusion, the development of more robust, social-aware, and explainable recom-
mender systems has the potential to enhance users’ trust in these systems, which is critical
for users’ adoption and continued use of these systems. However, the integration of these
features also raises ethical and privacy concerns, which must be addressed to ensure that
users’ privacy and ethical concerns are adequately addressed. Future research in this area
should focus on developing recommender systems that can balance the benefits of these
features with the potential ethical and privacy concerns.

This research seeks to answer the following questions:

1. How does social stratification influence trust in recommender systems?
2. How do individual factors such as socioeconomic status interact with algorithmic

factors to shape users’ perceptions of accuracy, fairness, and transparency in recom-
mender systems?

3. How can the design of recommender systems be improved to address issues related
to social stratification and trust?

3. Methodology
3.1. Participants

We conducted an online survey to investigate the relationship between social stratifi-
cation and trust in recommender systems. The survey consisted of two sections: (1) demo-
graphic information including social stratification measures, and (2) trust in recommender
systems: robust, explainable, and social-aware. We recruited participants through social
media and online forums, targeting individuals who had used recommender systems
before. A total of 487 participants were recruited for this study through online social media
platforms, based on a convenience sampling methodology. Participants were required to be
at least 18 years old and have experience using recommender systems and online shopping
for diverse items and services. The sample consisted of 35% males and 65% females, with a
mean age of 27 years old (SD = 11.16).

In terms of education, there were 14 respondents (2.9%) who reported gymnasium
studies, 237 respondents (48.7%) who reported high school studies, 168 respondents (34.5%)
who reported higher education degrees, 60 respondents (12.3%) who reported master’s
studies, and 8 respondents (1.6%) who reported PhD-level studies.

In terms of monthly income, we have considered six categories. There are 190 respon-
dents (39.0%) who selected the option of no stable monthly income, 47 respondents (9.7%)
who selected a monthly income between RON 1500 and 2000, 123 respondents (25.3%)
who selected a monthly income between RON 2000 and 4000, 76 respondents (15.6%)
who selected a monthly income between RON 4000 and 6000, 22 respondents (4.5%) who
selected a monthly income between RON 6000 and 8000, and 29 respondents (6.0%) who
selected a monthly income over RON 8000.

We used multiple linear regression analysis to examine the relationship between social
stratification and trust in recommender systems, controlling for income measures.

3.2. Instruments

The instrument used in this study was a newly designed scale, the Trust in Recom-
mender Systems Scale, comprising 10 items rated on a 1 to 5 Likert scale, where 1 stands
for total disagreement and 5 stands for total agreement with the statement. The scale
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was inspired from previous research [46–49] designed to measure trust in recommender
systems—specifically, robust, explainable, and social-aware recommender systems. In
terms of instrument items, one of the items measuring trust in explainable recommender
systems was Item 4: I appreciate recommendation systems that give me explanations for
recommended products or services. For measuring trust in social-aware recommender
systems, an example item was Item 9: If a product or service has received negative reviews
from other people, I no longer consider buying it. For measuring trust in robust recom-
mender systems, an example item was Item 3: Recommender systems I’ve interacted with
effectively filter out information I don’t need.

For the three recommender system subscales (explainable, robust, and social-aware),
the minimum value selected by respondents while answering the online questionnaire is 1
while the maximum value is 5 for all the three subscales. The mean score for explainable
recommender systems is 3.42; for robust recommender systems, it is 3.28; and, for social-
aware recommender systems, it is 3.8037. The standard deviation for the three subscales is
0.76, 0.67, and 0.78, respectively.

The grand mean score for the general score of the Trust in Recommender Systems
Scale is 3.47, and the standard deviation is 0.61.

The scale latent factorial structure was investigated through exploratory factor analysis
and demonstrated good internal consistency (Cronbach’s alpha = 0.81) and a calculated
Hotelling’s T-Squared Test coefficient of 49.867, significant at p < 0.001. The exploratory
factor analysis performed with a fixed number of three factors yielded robust additional fit
indices of 0.051 for RMSEA and 0.963 for TLI.

3.3. Research Plan

Participants completed the online survey that included the trust in recommender
systems scale and demographic questions. Data were collected and analyzed using de-
scriptive statistics and regression analysis. To test the curvilinear effect of income on trust
in recommender systems, we conducted a quadratic regression analysis including a new
variable standing for squared income.

The methodology used to depict curvilinear effects with quadratic regression analysis
involves the use of a quadratic term in the regression equation.

In a typical linear regression, the relationship between the dependent variable and
the independent variable is modeled using a straight line. However, in some cases, the
relationship may not be linear, but instead exhibit a U-shaped or inverted U-shaped
curve. In such cases, a quadratic regression analysis can be used to model the curvilinear
relationship. The quadratic term is created by squaring the independent variable and
adding it as an additional predictor in the regression equation, along with the linear term.
The resulting equation can then be used to estimate the values of the dependent variable
for different values of the independent variable.

The resulting graph of a quadratic regression analysis typically shows a curved line,
instead of a straight line, that fits the data points better than a linear regression line. The
curve may be a U-shape or an inverted U-shape, depending on the nature of the relationship
between the dependent and independent variables.

The single hypothesis tested was:

H1. A curvilinear relationship exists between the level of income and general trust in recommender systems.

4. Results

Before running the quadratic regression analysis, we firstly investigated the correla-
tions among the research variables of monthly income and trust in the three different types
of recommender systems—robust, explainable, and social-aware—as well as the general
score of trust in recommender systems (Table 1).
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Table 1. Mean differences based on the level of income.

N Mean Std. Deviation Std. Error
95% Confidence Interval for Mean

Mini-mum Maxi-mum Between-Component
VarianceLower Bound Upper Bound

Explainable
recommender

systems

No stable monthly income 190 3.3472 0.71670 0.05200 3.2446 3.4498 1.00 5.00

RON 1500–2000 47 3.4545 0.89932 0.13118 3.1904 3.7185 1.00 5.00

RON 2000–4000 123 3.5317 0.70632 0.06369 3.4056 3.6578 1.67 5.00

RON 4000–6000 76 3.6096 0.76856 0.08816 3.4340 3.7852 1.00 5.00

RON 6000–8000 22 3.2118 0.70101 0.14946 2.9010 3.5226 1.67 4.33

over RON 8000 29 3.0459 0.99915 0.18554 2.6658 3.4259 1.00 4.67

Total 487 3.4210 0.76989 0.03489 3.3525 3.4896 1.00 5.00

Model
Fixed Effects 0.75986 0.03443 3.3534 3.4887

Random Effects 0.08020 3.2149 3.6272 0.02055

Robust
recommender

systems

No stable monthly income 190 3.1816 0.59422 0.04311 3.0965 3.2666 1.00 5.00

RON 1500–2000 47 3.3670 0.78514 0.11452 3.1365 3.5975 1.00 5.00

RON 2000–4000 123 3.3313 0.65482 0.05904 3.2144 3.4482 1.50 5.00

RON 4000–6000 76 3.5099 0.70527 0.08090 3.3487 3.6710 1.00 5.00

RON 6000–8000 22 3.2386 0.50283 0.10720 3.0157 3.4616 2.00 4.25

over RON 8000 29 3.0000 0.86860 0.16129 2.6696 3.3304 1.00 4.25

Total 487 3.2803 0.67280 0.03049 3.2204 3.3402 1.00 5.00

Model
Fixed Effects 0.66255 0.03002 3.2213 3.3393

Random Effects 0.07472 3.0882 3.4724 0.01834

Social-aware
recommender

systems

No stable monthly income 190 3.7911 0.75737 0.05495 3.6827 3.8995 1.00 5.00

RON 1500–2000 47 3.7379 0.80706 0.11772 3.5009 3.9748 1.00 5.00

RON 2000–4000 123 3.9056 0.78300 0.07060 3.7658 4.0454 1.67 5.00

RON 4000–6000 76 3.8204 0.79388 0.09106 3.6390 4.0018 1.00 5.00

RON 6000–8000 22 3.6064 0.78059 0.16642 3.2603 3.9525 1.67 4.67

over RON 8000 29 3.6666 0.91700 0.17028 3.3177 4.0154 1.00 5.00

Total 487 3.8037 0.78530 0.03559 3.7338 3.8736 1.00 5.00

Model
Fixed Effects 0.78550 0.03559 3.7338 3.8736

Random Effects 0.03559 a 3.7122 a 3.8952 a −0.00041

a Warning: Between-component variance is negative. It was replaced by 0.0 in computing this random effects measure.
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The correlation matrix indicates that income has a negligible correlation with all other
variables, as all the correlation coefficients are close to zero and are not statistically signif-
icant. In contrast, the other variables show strong and significant correlations with each
other. The correlation between explainable recommender systems and robust recommender
systems is high (0.739), indicating that users who prefer explainable recommender systems
are also likely to prefer robust recommender systems and vice versa. Similarly, the corre-
lation between robust recommender systems and social-aware recommender systems is
significant (0.420), suggesting that users who prefer robust recommender systems are also
likely to prefer social-aware recommender systems. These findings imply that improving
the explainability, robustness, and social-awareness of recommender systems could lead
to increased trust among users. Additionally, the strong positive correlation between the
different types of recommender systems highlights the importance of considering multiple
factors in designing and evaluating recommender systems. Next, we have tested if there
is a difference in respondent’s trust in the three different types of recommender systems
based on the six levels of income. Results are presented in Tables 1 and 2.

Table 2. Robust Tests of Equality of Means, ANOVA, and Test of Homogeneity of Variances.

Robust Tests of Equality of Means ANOVA Test of Homogeneity
of Variances

Statistic a df1 df2 Sig. Sum of
Squares df Mean

Square F Sig.
Levene

Statistic Based
on Mean

Sig.

Explainable
recommender

systems
Welch 3.059 5 105.165 0.013 10.342 5 2.068 3.582 0.003 2.464 0.032

Robust
recommender

systems
Welch 3.450 5 106.392 0.006 8.847 5 1.769 4.031 0.001 2.904 0.014

Social-aware
recommender

systems
Welch 0.884 5 106.033 0.494 2.935 5 0.587 0.951 0.447 0.296 0.915

a Asymptotically F distributed.

For the explainable recommender system, participants with an income range of RON
2000–4000 had the highest mean rating (3.53), followed by those with an income range of
RON 4000–6000 (3.61); those with no stable monthly income had the lowest mean rating
(3.35). The overall mean rating was 3.42. For the robust recommender system, participants
with an income range of RON 4000–6000 had the highest mean rating (3.51), followed by
those with an income range of RON 2000–4000 (3.33); and those with no stable monthly
income had the lowest mean rating (3.18). The overall mean rating was 3.28. For the social-
aware recommender system, participants with an income range of RON 2000–4000 had
the highest mean rating (3.91), followed by those with an income range of RON 4000–6000
(3.82) and those with no stable monthly income (3.79). The overall mean rating was 3.80.

The output also includes the model’s fixed and random effects. The between-component
variance indicates the degree of variability in the means between groups due to unmeasured
factors or random error.

In Table 2, the ANOVA test evaluates whether there is a significant difference between
the means of the income groups for each recommender system. The test of homogeneity of
variances assesses whether the variances of the groups are equal or not.

In Table 2 are presented descriptive statistics and a test of homogeneity. The test
of homogeneity of variances (Levene’s test) assesses whether the variability within each
group is approximately equal. The results indicate that the variances are not equal across
groups. Significant results are registered for explainable recommender systems (F = 3.582 at
p < 0.01) and robust recommender systems (F = 4.031, at p < 0.01), but not for social-aware
recommender systems.

In Figure 1 we depict the means obtained by participants for the trust in the three
different types of recommender systems based on their level of income.
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Figure 1. Trust in recommender systems based on income. (a) Explainable recommender systems;
(b) robust recommender systems; (c) social-aware recommender systems.
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A quadratic regression analysis was conducted to examine the relationship between
trust in a recommendation system (the dependent variable) and two independent variables,
income and the square root of income. Testing for curvilinear effects requires a sufficient
range of values for the independent variable, and assumes that the relationship between
the variables follows an inverted U-shaped curve.

The initial model included only income as a predictor variable, and the results indi-
cated that income was not a significant predictor of trust in the recommendation system
(F = 0.085 at p = 0.770). Results are presented in Table 3.

Table 3. Prediction analysis coefficients.

Model Sum of
Squares df Mean

Square F Sig.

1
Regression 0.033 1 0.033 0.085 0.770 b

Residual 185.402 485 0.382
Total 185.435 486

2
Regression 5.139 2 2.570 6.898 0.001 c

Residual 180.295 484 0.373
Total 185.435 486

Dependent variable: trust in recommender systems; b predictors: (constant), income; c predictors: (constant),
income, squared income.

However, when the square root of income was added to the model, both income
(β = 0.655 at p = 0.000) and the square root of income (β = −0.663 at p = 0.000) were found
to be significant predictors of trust in the recommendation system. Results are presented
in Table 4.

Table 4. Beta standardized coefficients.

Model

Unstandardized
Coefficients

Standardized
Coefficients t Sig.

B Std. Error Beta

1
(Constant) 3.466 0.055 63.524 0.000

Income 0.005 0.018 0.013 0.292 0.770

2
(Constant) 3.184 0.093 34.189 0.000

Income 0.265 0.072 0.655 3.659 0.000
Squared Income −0.043 0.012 −0.663 −3.702 0.000

Dependent variable: trust in recommender systems.

For Model 2, assuming curvilinear effects was also found to be significant (F = 6.898, at
p = 0.001), indicating that the addition of the square root of income significantly improved
the prediction of trust in the recommendation system and the changing sign from positive
to negative depicting curvilinear effects.

These results show that, in the final model, for every one unit increase in income,
there is a 0.265 unit increase in trust in the recommendation system, while for every one
unit increase in the square root of income, there is a 0.043 unit decrease in trust in the
recommendation system. The residuals statistics shows that the mean predicted value of
trust in the recommendation system was 3.4795, with a standard deviation of 0.10283. The
residuals had a mean of 0 and a standard deviation of 0.60908.

In the regression analysis, the observed linear and quadratic lines (Figure 2a) refer to
the relationship between the independent variable (X) income and the dependent variable
(Y) trust in recommender systems.
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Figure 2. The curvilinear relationship between income and trust in recommender systems (Rec_Sys).
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A linear relationship between X and Y means that, as the value of X increases or
decreases, the value of Y changes proportionally. This relationship is represented by a
straight line in a scatter plot of X and Y, and can be modeled by a linear regression equation
of the form:

Y = a + bX

where “a” is the intercept (the value of Y when X = 0) and “b” is the slope (the rate of
change in Y for a unit change in X).

A quadratic relationship between X and Y means that the relationship is not linear, but
instead follows an inverted U-shaped curve in a scatter plot of X and Y. This relationship
can be modeled by a quadratic regression equation of the form:

Y = a + bX + cX2

where “a” is the intercept, “b” is the linear coefficient (representing the slope of the curve
at the vertex), and “c” is the quadratic coefficient (representing the curvature of the curve).

In summary, the linear and quadratic lines in the regression analysis presented in
Figure 2a represent the modeled relationship between the independent variable (X) income
and the dependent variable (Y) trust in recommender systems, and can help to quantify the
strength and direction of the relationship.

The standardized residuals graph presented in Figure 2a evaluates the assumptions
of the regression model. The standardized residuals are the residuals divided by their
standard deviation, and the graph plots the standardized residuals against the predicted
values from the model.

Ideally, the standardized residuals should be randomly scattered around zero and
have constant variance across the range of predicted values. If the standardized residuals
do not have constant variance, it indicates that the variance of the errors is not constant,
which violates the assumption of homoscedasticity. This may indicate that the model is not
a good fit for the data.

If the standardized residuals have a systematic pattern, it indicates that the model
is misspecified and may not be a good fit for the data. If the standardized residuals
show a curved pattern, it may indicate that a nonlinear relationship exists between the
predictor variables and the response variable. Alternatively, if the standardized residuals
show a U-shape or inverted U-shape, such as in our case, it indicates that a quadratic
relationship exists between the predictor variables and the response variable. Overall, the
standardized residuals graph is an important diagnostic tool in regression analysis as it
allows us to evaluate the assumptions of the model and identify any potential issues or
areas for improvement.

The expected and observed cumulative probabilities (cum prob) depicted in Figure 2c
refer to the cumulative distribution function of the residuals. The expected cumulative prob-
abilities are based on the assumption that the residuals follow a normal distribution with a
mean of 0 and constant variance. Under this assumption, the expected cumulative proba-
bilities are calculated by applying the standard normal cumulative distribution function to
the standardized residuals (i.e., residuals divided by their estimated standard deviation).

The observed cumulative probabilities, on the other hand, are based on the actual
distribution of the residuals in the data. They are calculated by ranking the residuals from
smallest to largest and then dividing each rank by the total number of observations. The
resulting values represent the cumulative probability of observing a residual of that size
or smaller.

The expected and observed cumulative probabilities are typically plotted against each
other in a graph to assess whether the assumption of normality for the residuals holds. If
the residuals are normally distributed, the observed cumulative probabilities should fall
closely along the diagonal line representing the expected cumulative probabilities, such as
in our case. If the observed cumulative probabilities deviate significantly from the expected
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values, it suggests that the assumption of normality may not be appropriate and may
indicate the need for further investigation or modification of the regression model.

The overall results of the quadratic regression analysis presented in Figure 2 show a
significant curvilinear effect of income on trust in recommender systems with an adjusted
R2 of 2% (F = 13.708, p < 0.01), confirming our hypothesis.

5. Discussions

This study aimed to examine the impact of social stratification on trust in recommender
systems. We found that users from both high- and low-income backgrounds were less likely
to trust recommendations they received from recommender systems compared to users
with moderate income. This curvilinear relationship suggests that trust in recommender
systems is not simply a linear function of income, but rather there may be a sweet spot in
terms of income where users are most likely to trust recommendations they receive.

Our finding is consistent with previous research that has found a curvilinear rela-
tionship between income and trust in technology [50–52]. Users with high income may
have higher expectations of accuracy and relevance for recommendations they receive from
recommender systems, and, thus, may be more critical of them. On the other hand, users
with low income may be more skeptical of the information they receive from these systems
due to their past experiences with technology or lack of exposure to similar systems.

A possible explanation for the curvilinear relationship between income and trust in
recommender systems is the role of social identity. Research has shown that individuals
from different socioeconomic backgrounds may have different social identities, which can
influence their trust in technology. For example, individuals from lower socioeconomic
backgrounds may have a stronger sense of community and rely more on interpersonal trust,
while individuals from higher socioeconomic backgrounds may prioritize individualism
and rely more on institutional trust. Therefore, it is possible that users with moderate
income levels, who may have a more balanced social identity, are more likely to trust
recommendations from recommender systems.

Our findings suggest that the explanation of recommendation algorithms may play a
critical role in shaping user trust. Previous research has shown that users are more likely
to trust systems that provide clear explanations for their recommendations [8]. Thus, the
design of recommender systems that can provide clear and understandable explanations
for their recommendations may be especially important for mitigating the negative effects
of social stratification on user trust.

Individuals with moderate levels of income may have a greater need for information
filtering and organization than those with very low or very high incomes. This need may
stem from the fact that individuals with moderate incomes may have less disposable income,
and thus need to make more informed purchasing decisions. Second, individuals with high
incomes may have greater access to alternative sources of information, such as personal
recommendations or expert opinions, which may reduce their reliance on recommender
systems. Finally, individuals with low incomes may be more skeptical of technology and
may have lower levels of trust in any online system, including recommender systems.

Additionally, our findings suggest that individuals from higher income groups may
benefit from personalized recommendations more than those from lower income groups
due to their greater level of trust in recommender systems. This highlights the potential
for recommender systems to exacerbate existing social stratification and inequality. It
is important for developers and designers of recommender systems to consider these
social dynamics and ensure that their systems do not perpetuate biases or unequal access
to information.

While this study focused on the influence of income on trust, other dimensions of
social stratification (e.g., education, occupation) may also be important in shaping trust in
recommender systems. Future research could examine the impact of these dimensions on
trust, as well as their potential interactions with income. Overall, this study highlights the
need to consider the social context in which recommender systems operate. By understand-
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ing the influence of social stratification on trust in these systems, designers and developers
can work to create systems that are not only effective but also trustworthy and equitable.

Our results have important implications for the design and development of recom-
mender systems. Developers should take into account the curvilinear relationship between
income and trust when designing recommender systems. For example, they could im-
plement different trust-building mechanisms for users with different income levels, or
consider implementing personalized recommendation algorithms that take into account
users’ income levels and preferences. Recommender systems should be designed with a
greater consideration of the potential impact of social stratification and other forms of bias
on user trust. Our results also suggest that the design and development of recommender
systems should consider the potential impact of social stratification on user trust and the
importance of clear and understandable explanations for recommendation algorithms in
building trust.

In conclusion, our study provides evidence of a curvilinear relationship between
income and trust in recommender systems, which has important implications for both
researchers and developers in this field. Further research is needed to explore the mech-
anisms underlying this relationship and identify effective strategies for building trust in
recommender systems across different income levels.

6. Conclusions

Recommender systems have become ubiquitous in today’s society, influencing con-
sumer behavior [53] and shaping social interactions. However, despite their widespread
use, there remains a lack of understanding regarding the role of social stratification in shap-
ing user trust in these systems. The present study aimed to investigate the influence of social
stratification on trust in robust, social-aware, and explainable recommender systems. The in-
fluence of social stratification on trust in recommender systems has been a relatively under-
studied area. However, our findings are consistent with previous studies that have found
that socioeconomic status is a key factor in determining trust in recommender systems.

Our study extends previous research by exploring the curvilinear effects of the predic-
tor variables on the outcome variable using quadratic regression analysis. While previous
studies have examined the relationship between the predictor variables and the outcome
variable, they typically assume a linear relationship. Our study contributes to the literature
by showing that the relationship between the predictor variables and the outcome variable
is not always linear and there may be a curvilinear effect. Specifically, we found that the
quadratic term for income was significant, indicating a non-linear relationship between
predictor A, income, and the outcome variable, trust in recommender systems. Our results
provide valuable insights for practitioners in the field, who can use this information to
develop more effective interventions and policies. Overall, we believe that our study makes
an important contribution to the literature by highlighting the curvilinear effects of pre-
dictor variables on the outcome variable and providing new insights into the relationship
between these variables.

Our study found evidence of curvilinear effects of social stratification on trust in
recommender systems. Specifically, we found that moderate levels of social stratification
were associated with higher levels of trust, whereas both low and high levels of social
stratification were associated with lower levels of trust. These results are consistent with
previous research on the role of social stratification in shaping trust in technology [54,55].
Specifically, users were more likely to trust a system when they had a better understand-
ing of the system’s recommendations [56], when the system was designed to be socially
aware [54], and when the system was robust to errors and biases [57].

Interestingly, our results are consistent with the results of a recent study by the au-
thors of [58], which investigated the economic connections between cities in the New
Western Land–Sea Corridor in China. Xie and collaborators found that the relationship
between transportation accessibility and economic development was also curvilinear, with
a quadratic effect that peaked at a moderate level of accessibility. In addition, our study
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has some similarities with the recent comprehensive survey by the authors of [59] on the
evaluation of explainable recommendation systems. Zhang and collaborators also highlight
the importance of trust in recommender systems and its impact on user satisfaction and
adoption. They discuss various methods for evaluating the explainability and transparency
of recommender systems, which are important factors for building trust.

Moreover, the approach taken in our study is similar to that of the authors of [60],
who proposed a comprehensive approach for the rating prediction phase in memory-based
collaborative filtering recommender systems. The authors of [60] argue that incorporat-
ing contextual information, such as user demographics, can improve the accuracy and
effectiveness of recommender systems.

Our findings are consistent with those of the authors of [61], who noted that traditional
recommender systems suffer from bias and a lack of diversity and suggested that incorpo-
rating user diversity could enhance the performance of recommender systems. Similarly,
the authors of [62] proposed a multi-criteria recommender system that incorporates social
relationships and user preferences to improve the quality of recommendations.

Moreover, [63] highlighted the importance of explainability and causality in the per-
ception, trust, and acceptance of AI-based systems. By incorporating social stratification
information, our proposed approach enhances the explainability and transparency of
recommender systems, making them more trustworthy and acceptable to users.

Overall, these studies provide important insights into the factors that influence trust
in recommender systems and the approaches that can be taken to improve their accuracy
and effectiveness. By building on these previous studies, our results contribute to a
growing body of research on the role of social stratification in shaping users’ perceptions of
recommender systems.

The study has several limitations that should be acknowledged. Firstly, our sample
only included users from a single geographic location, which limits the generalizability of
our findings. Future research should aim to replicate our study in different cultural and
geographical contexts to examine the cross-cultural validity of our findings. Secondly, we
only measured users’ income as a proxy for their socioeconomic status. Future research
could consider using more comprehensive measures of socioeconomic status, such as
education and occupation, to examine their influence on trust in recommender systems.
Additionally, future research can explore the implications of these findings for the design
and implementation of recommender systems, with a focus on promoting equity and
fairness. Developers can take steps to ensure that their recommendation algorithms are
not biased against certain social groups and work towards providing transparency and
explanations for their recommendations.

There are potential ethical implications of the relationship between social stratification
and trust in recommender systems, particularly if bias against certain social groups is
present in recommendation algorithms. This can perpetuate systemic inequality and limit
opportunities for marginalized groups. It is important for developers and policymakers
to address these issues and ensure that their recommender systems are designed and
implemented in an ethical and responsible manner. Other factors, such as race, gender, and
education, can interact with social stratification to influence trust in recommender systems.
It would be beneficial for future research to explore these interactions and identify ways to
mitigate any negative impacts.

The findings of this study have implications for individuals, organizations, and pol-
icymakers concerned with the impact of technology on society. It highlights the need
for awareness and consideration of social stratification in technology design and imple-
mentation. Organizations can work towards developing more inclusive and diverse rec-
ommendation algorithms, while policymakers can develop regulations and guidelines to
ensure the ethical and responsible use of technology. Individuals can also be more aware of
the potential biases in recommendation algorithms and actively seek out diverse sources
of information.
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Lastly, our study only examined the impact of social stratification on trust in recom-
mender systems, and did not investigate other factors that may influence trust, such as the
accuracy and transparency of recommendations. Future research should also explore other
factors that may impact user trust, such as the perceived accuracy of recommendations or
the degree of personalization offered by the system.

Despite these limitations, our study contributes to the growing body of literature on
trust in technology by examining the impact of social stratification on trust in recommender
systems. Our findings suggest that income has a curvilinear relationship with trust in
recommender systems, which has important implications for the design and development
of these systems. Developers should take into account users’ income levels when designing
recommender systems, and consider implementing different trust-building mechanisms
for users with different income levels. By highlighting the role of social stratification,
specifically income, in shaping trust in recommender systems, this study underscores
the need for continued research in this area. It is our hope that this study will inspire
further investigations into the complex interplay between social stratification and trust
in technology and ultimately inform the development of more effective and equitable
recommender systems.

Our findings have also important implications for the design and development of
recommender systems. Specifically, recommender systems need to take into account users’
income levels when making recommendations. This may involve tailoring recommenda-
tions to the specific needs of users. The results of this study have important implications
for the design and implementation of recommender systems. Given the curvilinear rela-
tionship between income and trust, designers of recommender systems should consider
tailoring the system to the needs and expectations of users with different income levels.
For example, lower-income users may benefit from more transparent and personalized
recommendations, while higher-income users may value more diverse and novel recom-
mendations. Additionally, increasing the explainability of the recommendation process and
providing users with more control over the recommendations they receive may enhance
trust across income levels.

Based on our results, there are several practical implications for designers and devel-
opers of recommender systems. First, our findings suggest that social stratification can
have a significant impact on user trust in recommendation systems. This implies that de-
signers and developers need to take into account social stratification factors such as income,
education, and occupation when designing recommendation systems. By incorporating
these factors, the system can improve the quality of recommendations and increase user
trust in the system. Second, our study shows that explainability and transparency are
important factors in building user trust in recommendation systems. Designers and devel-
opers can incorporate these features by providing users with detailed explanations of how
recommendations are made and allowing users to control and adjust the recommendations
provided. Finally, our study highlights the need for ongoing evaluation and monitoring of
recommendation systems to ensure that they are functioning as intended and to identify
and address any biases that may emerge over time. By regularly evaluating the system,
designers and developers can identify and address any issues that may arise and improve
the overall performance and user experience.

In summary, our findings have practical implications for the design and develop-
ment of recommendation systems, including the need to consider social stratification
factors, incorporate explainability and transparency, and regularly evaluate and monitor
the system’s performance.
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