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Abstract

Background: Peer-to-peer (P2P) lending platform is one of key disruptive business models in financial technology. It bridges
lenders and borrowers directly. Researchers have studied the leverage mechanism behind the P2P lending platform.

Objective: This research proposes an enhanced technology acceptance model (TAM) to investigate how consumers embrace
P2P lending platforms using quality of service and perceived risk as drivers of trust.

Methods: This research uses structural equation modeling (SEM) to test the hypothesised connections between the latent
variables.

Results: The findings show that users' trust, perceived usefulness, and perceived ease of use in P2P lending platforms
significantly influence attitudes towards adoption. Meanwhile, consumers' perceived risk in using P2P lending platforms is
unaffected by the quality of service.

Conclusion: The estimated model is consistent with the results shown in previous studies. The findings of the current research
are useful for fine-tuning platform marketing plans and putting strategic goals into actions. For future research, we suggest
including more variables to better understand the adoption intention of P2P lending platforms.
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1. INTRODUCTION

Peer-to-peer (P2P) lending platform is a thriving business in fintech sector. The first P2P lending development
platform and pioneer in this field is Zopa, a UK platform that directly connects lenders and borrowers, serving only UK
citizens [1]. As of May 2020, five billion pounds in personal loans lent to over 470,000 UK consumers have been made
available through Zopa that have generated returns for their lenders and helped borrowers realise their personal goals
and desires. In 2006, two P2P lending platforms, Prosper and Lending Club, appeared in the US and became the most
popular in US market today. In the US, Europe and China, the number of platforms is continuously increasing; and
there are now hundreds of platforms offering millions of loans.

A comprehensive survey of P2P lending by Zhao et al. [2] specifically summarises some of the world's major P2P
lending platforms and provides a systematic taxonomy for them, comparing different types of working mechanisms in
details. Some critical challenges and open problems have been identified in this area need to be solved, including
pricing, mechanism enhancement, risk management, privacy preservation and personalisation. However, research from
the user's perspective on adopting P2P lending is still rare in the last six years, including in Indonesia. Among the few
are a study, which examines individuals as the user [3] and Small and medium-sized enterprises (SMEs) as the user [4].

Considering the gap in the literature, the purpose of this research is to enrich the understanding of the user's intention
as an individual in adopting a P2P lending platform. Understanding user behavioural intentions by considering the
contributing factors is critical in refining and developing a platform, as well as the marketing strategy. This research
applied technology acceptance model (TAM) to understand the effect of some variables on the adoption of new
technologies at the individual level [5]. Among the models to analyse adoption of technology at end-users, TAM was
found to perform the best compare with TPB (the theory of planned behavior) or UTAUT (the unified theory of
acceptance and use of technology) [6]. Moreover, TAM is a flexible model that can be changed or expanded with more
factors to suit the purposes of this research, such as trust, perceived risk and quality of service.
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The following is how the rest of the paper is organised: section 2 introduces the literature review, describing the
conceptual framework and hypotheses, as well as the rationales; section 3 describes the methodology, namely the data
collection and instruments development; section 4 describes the results;section 5 presents the discussion; and section 6
concludes the paper.

II. LITERATURE REVIEW

A. Fintech P2P lending

The finance sector all over the world has been leveraging the advancement of information technology, resulting in
an innovation known as financial technology or fintech [7]. It is a rapidly evolving and dynamic sector with specific
business strategies [8] and it has transformed the way financial service companies work and engage with their clients.
This changes the paradigm of conventional financial services, resulting in a significant disruption [9]. P2P lending
platform is described as a "financial exchange" that occurs directly between individuals without the need of a typical
financial institution as a facilitator [10]. The new internet-based service allows users to borrow money directly from
one another [2] [11] [12] [13] and has now become a key business model and brought about disruption in the financial
sector in general.

B. Hypotheses Development and the Proposed Model

To explain the impacts of factors on consumer behaviors and intentions, Davis [5] introduced TAM, based on the
theory of reasoned action (TRA) model [14].
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Fig. 1 Technology Acceptance Model [5]

As shown in Fig. 1, TAM suggests that perceived usefulness (PU) and perceived ease of use (PE) describe individual
users' adoption intentions. PU is when user perceive an increase their job performance after using a specific system.
The degree to which individuals feel that utilising the system is simple and straightforward is referred to as PE.

Since its original publication, scholars have consistently supported TAM in numerous settings, and it has been
utilised extensively in technology adoption studies throughout the last decades. TAM could be a fundamental model
that can be changed or expanded in a variety of ways. As a result, numerous modifications, including other theories,
have emerged intending to analyse fintech, as prior researches on mobile P2P lending applications [12], fintech services
for bank users [15], and fintech and banking [16].

1) Perceived Usefulness

In the TAM, PU is a factor that is extensively employed in the adoption of information systems. It is defined as the
extent the new technology increases consumer's job efficiency [5]. In this research, PU refers to the fact that consumers
prefer to utilise the service if they believe that the P2P lending platform will have a positive impact [12]. Extensive
empirical research on information technology adoption over the last decade has revealed that PU may have a beneficial
influence on consumer's intentions toward fintech and banking [16], mobile wallet [17], smart-home-application [18],
smart-application for learning [19] and Uber mobile application [20]. As a result, the following hypothesis was
proposed:

Hypothesis 1 (H1): PU has a positive influence on adoption intention (AI).

2) Perceived Ease of Use

Another critical component in the TAM is perceived ease of use (PE). It is defined as the amount of work required
to use this new technology [5]. In this research, PE refers to the degree to which customers are at ease and willing to
learn how to utilise the P2P lending platform. In previous studies, scholars have shown a substantial relationship
between PE and attitudes toward new technology adoption in fintech and banking [16], smart home application [18],
smart application for learning [19], Uber mobile application [20], mobile P2P lending application [12], mobile banking
[21]. Furthermore, PE had an impact significantly on PU in new technology adoption intention on mobile learning [22],
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smart-home-application [18], mobile banking [21] and P2P lending application [12]. As a result, the following
hypotheses were generated:

Hypothesis 2 (H2): PE has a positive influence on Al.

Hypothesis 3 (H3): PE has a positive influence on PU.

3) Trust

Trust (TR), according to Lewis and Weigert [23], is a complex, multifaceted entity that plays an important role in
commercial interactions. TR has always been focused on adoption and is frequently utilised as a secondary foundation
for attracting consumers in addition to PU and PE. Because of the large and high-dimensional data involved in the
service, the function of TR in financial technology application scenarios is even more essential. Previous research has
shown the factors that affect TR in fintech innovation adoption, such as customer service and satisfaction [24]; brand
image, government support, perceived risk [15]; and information quality and service quality [25]. Therefore, it is
important to research how TR affects the attitudes of potential users and their willingness to adopt. As a result, the
following hypothesis was formed:

Hypothesis 4 (H4): TR has a positive influence on Al.

4) Quality of Services

Quality of Service (QS) at its most basic relates to a customer's comparison of service expectations with perceptions
of what the service provider provides [26] [27]. QS is crucial for the performance and profitability of a firm. High QS
will give the company a competitive advantage in the market in two ways, firstly by increasing attraction and acquisition
of new customers and secondly by retaining existing customers by providing provide high quality and make them happy
for more reuse, in this way, there is less cost and efficiency and higher profit for companies [28]. QS is a broad
assessment of a service that influences business performance, adoption intentions and customer satisfaction [29]. In
prior researches, scholars have demonstrated how QS has a positive impact on TR [25] [30] [24]; and a negative impact
on Perceived Risk (PR) [25] [31] [32]. As a result, the following hypotheses were generated:

Hypothesis 5 (H5): QS has a positive influence on TR.

Hypothesis 6 (H6): QS has a negative influence on PR.

5) Perceived Risk

Perceived risk (PR) is defined by Schierz et al. [33] as the expectation of losses. Meanwhile, Ko et al. [34] expressed
public relations as consumers' views of the varied and conflicting outcomes of buying a product or service. Consumer
behaviour may be understood using PR theory. PR is a type of TR deficiency and most researchers feel that PR is the
primary factor influencing technology adoption [32] [21]. In this paper, PR refers to the perceived privacy risk that
customers see when using fintech services, such as personal data leak, or transaction data and other personal
information. According to a previous research, risk perception is the most crucial element influencing the adoption of
cloud technology [35]; mobile banking [21] [36]; fintech services [15]. As a result, the following hypothesis was
formed based on prior research:

Hypothesis 7 (H7): PR has a negative influence on TR.

C. Conceptual Framework

Based on previous research and theoretical concept, this research uses TAM, TR, QS, and PR to analyse the adoption
intention of the P2P lending platform. The dependent variable is a behavioral adoption intention (Al), whereas PU, PE,
TR, QS, and PR were the independent variables. A graphical representation of the proposed hypothesis is presented in
Fig. 2. The combination provides a complete set of constructs: PE, PU, TR, QS, PR, and Al, which can improve the
prediction of user behaviour in terms of adoption intention of the P2P lending platform. Table 1 shows the hypotheses
tested in this study.

TABLE 1
RESEARCH HYPOTHESES IN THIS STUDY
Research hypotheses Hypothesized path  Sources

HI PU — Al [5][12][18][19] [20] [17] [16]

H2 PE  — Al  [5][12][15][18] [19][20] [16][22]
H3 PE  — PU [I2][21][18][19][22]

H4 TR — Al [24][30][25][19]

H5 QS — TR [24][30][25]

H6 QS — PR [32][31][25]

H7 PR — TR [35][15][25][37]
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TABLE 2
CHARACTERISTICS OF THE SAMPLE
Demographic Variable Category Frequency Percentage
Gender Male 168 65.2%
Female 90 34.8%
<20 2 0.8%
20-24 9 3.5%
25-29 35 13.6%
Age 30-34 80 31.0%
35-39 53 20.5%
40 -44 44 17.1%
45-49 22 8.5%
>50 13 5.0%
Married 199 77.1%
. Single 34 13.2%
Marital Status Divorce 17 6.6%
Partner Died 8 3.1%
< High School 3 1.1%
High School 32 12.4%
Education Associate Degree 115 44.6%
Bachelor 83 32.2%
Master / Doctoral 25 9.7%
Student 8 3.1%
Employee 159 61.6%
Employee Status Self-employed 78 30.2%
Pension 10 38.8%
Unemployed 3 1.2%
<51,000,000 28 10.8%
5,000,000 — 10,000,000 67 26.0%
Income (IDR) 10,000,001 — 15,000,000 40 15.5%
15,000,001 — 20,000,000 74 28.7%
20,000,001 — 25,000,000 29 11.2%
> 25,000,000 20 7.8%
0,

P2P lending platform usage [}\i i:?lry 241“8) ;i;ﬁ;
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III. METHODS

A. Data Collection

The data collection through a survey was conducted online. Microsoft Form questionnaires were distributed to 290
respondents in Java, Indonesia, from September to December 2020. The survey's subjects are randomly selected
consumers who have used P2P lending platforms, mobile banking, internet banking or other fintech services. The
definition of the P2P lending platform and the goal of the study were stated in the questionnaire's introduction. Akseleran,
Amartha, Crowdo, CROWDE, Danamas, Gradana, Investree, Koinworks, Mekar and Modalku were presented as sample
legal (licensed) P2P lending platforms in the questionnaire.

Following the first selection, faulty questionnaires with insufficient response times and random filling were
eliminated, leaving 258 acceptable responses with an effective response rate of 88.96 %. Table 2 displays the descriptive
statistical findings of questionnaires that examined respondent's demographic factors such as gender, age, marital status,
education level, employee status, income and P2P lending platform user status.

Persons aged 25-39 years old (65.1%) make up the most significant proportion in terms of age distribution, and these
consumers are always the first to adopt new technologies and lifestyles. It means this sampling is appropriate. In terms
of the number of users of P2P lending platforms, the proportion was 84.5%, which is high and an indicator of the
popularity of the fintech among the respondents, or technology users in general.

B. Instrument Development

When designing the questionnaire, this paper refers to previous relevant research and makes the appropriate
expansions and adjustments according to the characteristics of the P2P lending platform studied in this paper, as seen in
Table 3. TR was adopted from Lien et al. [16] and Singh and Sinha [17]; PE was adopted from Johnson et al. [38] and
Lien et al. [16]; PU was adopted from Z. Hu et al. [15] and Lien et al. [16]; QS was adopted from Ryu and Ko [25]; PR
was adopted from Johnson et al. [38]. The scale consisted of six variables as external influencing factors, and each
variable consisted of four to six measurement variables. A six-point Likert Scale was used to score the 29 items, and the
options were: strongly disagree, disagree, slightly disagree, slightly-agree, agree and strongly agree.

TABLE 3
MEASUREMENT INSTRUMENTS
Variables  Items Measurement Sources
PU1 P2P lending platforms can meet the needs of customers [16]
PU2 Customers save much time when using the P2P lending platform [16]
PU PU3 Using the P2P Lending platform increases customer work efficiency [16]
PU4 Customers can access many utilities attached when using the P2P lending platform [16]
PUS Overall, the P2P lending platforms are useful to me [15]
PE1 The operations performed in the P2P lending service are simple for customers [16]
PE2 Instructions on the P2P lending service system are clear and easy to understand [16]
PE PE3 Customers can interact with the P2P lending service system everywhere [16]
PE4 Learning to use the P2P lending platform would be easy for me [38]
PES Using a P2P lending platform is not mentally challenging [38]
PE6 Using a P2P lending platform is straightforward [38]
TR1 P2P lending service has good information security ability [16]
TR2 P2P lending service is provided by reputable providers only [16]
TR TR3 Customers feel confident when using the P2P lending platform [16]
TR4 I trust P2P lending service keeps my personal information safe [17]
TRS I trust P2P lending service apps and transactions done by P2P lending [17]
QS1 P2P lending platform quickly responds to my needs [39]
Qs QS2 P2P lending platform has the knowledge to answer my questions [39]
QS3 P2P lending platform understands my specific needs [39]
QS4 P2P lending platform is always willing to help me [39]
PR1 I would not feel safe providing personal private information over a P2P lending platform [38]
PR2 I am worried about other people gaining access to my account if I use the P2P lending platform [38]
PR PR3 I would not feel secure sending sensitive information across P2P lending platforms [38]
PR4 Using a P2P lending platform would involve more financial risk when compared to traditional ways of lending [38]
PR5 I do not think there is any real financial risk associated with the P2P lending platform [39]
AIl If not already using, customers intend to use the P2P lending platform soon [16]
Al AI2 If using, customers want to continue using the P2P lending platform [16]
AI3  Customers will recommend P2P lending platforms to their neighbours or relatives [16]
AI4 1 will use the P2P lending platform in the future [39]
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IV. RESULTS

The data is analysed in three stages: exploratory factor analysis and reliability analysis, confirmatory factor analysis,
and structural equation modeling and hypothesis testing. The first stage was performed on all items in a questionnaire
using SPSS version 23, reported in section A. The confirmatory factor analysis and structural equation modeling were
utilized in the study's measurement and structural model analysis. This study, in particular, uses the AMOS version 23
for data analysis. Sections B and C show the measurement and structural model analysis results, respectively.

A. Exploratory Factor Analysis (EFA) and Reliability Analysis

EFA is a method that may be used in SPSS to evaluate scales of questionnaire items. An EFA's goal is to explain a
multidimensional data collection with fewer variables. After a questionnaire has been verified, a procedure known as
confirmatory factor analysis (CFA) can be utilised [43]. The 39 items were subjected to an EFA using a Direct Oblimin
rotation with Delta = 0. In this study, the six factors (i.e., PE, PU, TR, PR, QS and AI) were used to determine the pattern
of the structure in the instrument and were used to create a pattern matrix. By identifying inappropriate items, TR2, TR3,
QS1, QS2 and AIl were removed because there were cross-loading or low loading factors (< 0.6) [40].

TABLE 4
RELIABILITY AND VALIDITY MEASURES
Variables Items Factor 1 Factor 2 Cronbach's Alpha AVE CR
PU1 .698
PU2 .822
PU PU3 .619 756 Sl .838
PU4 .703
PU5 717
PE1 738
PE2 .605
o PE3 ‘823 728 .503 .800
PE4 .652
PE5 -.906
PE6 894 .822 .810 .895
TR1 748
TR TR4 .833 723 .619 .830
TR5 177
Qs3 .903
Qs Qs4 ‘214 720 739 .850
PR1 916
PR2 '206 705 745 .853
PR PR3 .667
PR4 .862 714 618 .823
PR5 816
Al2 817
Al AI3 795 742 621 .830
Al4 .750

The amount of consistency or stability of the measurement findings, which indicates the dependability of the
questionnaire items, is referred to as reliability. Cronbach's alpha was employed in this study to assess the data's internal
consistency. According to Taber [41], the sample's Cronbach's alpha should be more than 0.7. Then, three primary
metrics were employed to assess an instrument's convergent validity: (1) the factor loadings must be greater than 0.60;
(2) the composite reliability (CR) must be greater than or equal to 0.70; and (3) the average variance extracted (AVE)
must be greater than or equal to 0.50 [42]. As shown in Table 4, all latent variables’ Cronbach's alpha, CR and AVE
were more than the critical values, suggesting that the model has excellent reliability and convergent validity.

B. Confirmatory Factor Analysis (CFA)

CFA is a subset of structural equation modeling (SEM) that focuses on measurement models, especially the
connections between observed measures or indicators (e.g., test scores, test items, behavioral observation ratings) and
latent variables or factors [43]. The factorial structure of the predicted six-factor measurement model was tested using
CFA. The preliminary CFA results are described in the P-value test of close fit (where P > 0.05 indicates a good model
fit). The Root Mean Square Error of Approximation (RMSEA) = 0.08 indicates a reasonable model fit, and RMSEA <
0.05 indicates a good fit to data. In case of poor fit, then modification indices are explored to see if it was possible to
remove items with lower loadings on the standardised solution matrix and improve the model fit. After removing poor
items (i.e., PU1, PU3, PU4, PE1, PE2, PES, PE6, PR1, PR2), an additional CFA was performed on the refined scale. As
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seen in Fig. 3, all these variables were allowed to interact. Each of the 15 items was only permitted to load on the primary

interest factor and not on any other factors.
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Fig. 3 The proposed model in CFA with standardised estimates

The detailed results of the CFA analysis with CMIN, P, CMIN/DF, SRMR, RMSEA, TLI, and CFI are shown in Table
5. All key values in the proposed model meet the CFA model fit.

TABLE 5
CFA MODEL FIT

CMIN P CMIN/DF SRMR  RMSEA TLI  CFI

Proposed model  73.670 522 982 .0398 .000 1.002 1.000
<2 <.08 <.08 >90 >.95
Recommended model fit Small > .05 [44] [45] [46] (47 [48]

C. Structural Equation Modeling (SEM) and Hypothesis Testing

SEM is an extension of CFA that tests particular hypothesised connections between latent variables. SEM methods
with AMOS graphics were used to assess the fit of the proposed model's measurement and structural components. As
shown in Fig. 4, uses the SEM model to generate the standardised path coefficient (B) and t value, which were used to

evaluate the hypotheses given.
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The detailed results of the SEM analysis with CMIN, P, CMIN/DF, SRMR, RMSEA, TLI, and CFI are shown in
Table 6. All critical values in the proposed model meet the SEM model fit.

TABLE 6
SEM MODEL FIT

CMIN P CMIN/DF  SRMR RMSEA TLI CFI
Proposed model  97.537 116 1.189 .0562 .027 977 982
Recommended model fit ~ Small > .05 [ij] 5[4(5)? 5[42]8 >[43§) 2[42]5

TABLE 7

HYPOTHESIS TESTING RESULT

hf;;iiﬁgcs};s Hypothesized path ~ Estimate S.E. t-value  p-value Interpretation
H1 Al <« PU 251 145 2.559 .010 Accepted
H2 Al < PE 278 192 2.352 .019 Accepted
H3 PU < PE 405 164 2.710 .007 Accepted
H4 Al <« TR .535 128 5.718 Hk* Accepted
H5 TR « QS 323 .062 3.652 HEE Accepted
H6 TR < PR -.304 .081 -3.698 Hokk Accepted
H7 PR <« QS -.168 .057 -2.090 .037 Accepted

According to Berger and Sellke [49], if t-value > 1.96, statistically significant at P-value < 0.05 level of confidence.
If t-value > 2.58, statistically significant at the P-value < 0.01 level of confidence. If t-value > 3.29, statistically
significant at P-value <0.001 level of confidence. Table 7 shows the results of hypothesis testing with estimates, standard

errors, t-values, and P-values.
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V. DISCUSSION

As demonstrated in Table 7, all the research hypotheses were accepted, showing statistically significant path
coefficients (t value > 1.96, P value < 0.05). The relationship between the dependent variable and the independent
variable was direct: Adoption Intention (AI) was significantly impacted by PU (H1: p = 0.251, t = 2.559). The result is
consistent with the basic assumptions of TAM, where usefulness is the central premise of attitudes towards the use of
new technology [12]. This testing result is in line with the previous studies on the drivers of smart home technology
adoption [18], Uber mobile application [20], mobile wallet [17], fintech and banking [16]. This result shows that
customers are willing to use the P2P lending platform because this service offers advantages over existing solutions,
namely multi-finance and banking.

Al was significantly impacted by PE (H2: = 0.278, t = 2.352). This testing result shows that perceived ease of use
significantly impacts customers' intention to use P2P lending platforms in Indonesia. The result is in line with the
previous studies on the adoption of mobile learning [22], fintech services for bank users [15], fintech and banking [16].

Perceived ease of use (PE) was found to be significantly associated with PU (H3: f = 0.598, t = 2.991).This result
indicates that perceived ease of use positively affects perceived usefulness towards customers in adopting P2P lending
platforms. The result is in line with the previous studies on the adoption of P2P lending apps [12], and the drivers of
smart home technology [18].

Al was significantly impacted by TR (H4: B = 0.535, t = 5.718).This is shown in the descriptive analysis, showing
that the highest mean of the reliable variable (TR) is 5.71. This implies that users have a high degree of trust in the P2P
lending platform and feel that the service is reliable and promising. It can be concluded that users trust P2P lending
platforms because some are registered with the Financial Services Authority (OJK). The result is in line with the previous
study by researchers such as Khlaisang et al. [19], Al-dweeri et al. [24] , Ryu and Ko [25], Goutam et al. [30]. Quality
of services (QS) was found to be significantly associated with TR (H5: B = 0.323, t = 3.652); this result indicates that a
P2P lending platform that provides good service will increase customers’ trust; hence, the rate of adoption. The result in
line with the previous studies such as Ryu and Ko [25], and Goutam and Gopalakrishna [30].

Perceived risk (PR) was found to be significantly associated with TR (H6: = -.304, t = -3.698); this result showed
that perceived risk is proven to be negatively significant towards customer’s trust in using P2P lending platform. The
result aligns with the previous study on the adoption of online shopping [30] and in the airline industry [32]. However,
this result is different when considering the perceived risk influencing customer adoption directly, such as in a study by
Kurniawan [3].The relationship between QS and PR (H7: B =-0.1268, t = -2.090) indicates that the quality of services
is proven to be negatively significant towards customers' perceived risk in using P2P lending platforms. The result is
consistent with the previous studies on the adoption of fintech [25] and hydrogen-electric motorcycle [31].

A. Contributions

This work contributes to the growing body of literature in P2P lending by clarifying the relationship between these
constructs. As a result, the findings of our study are useful for refining the marketing strategy of platforms and realising
strategic goals; understanding user behavioural intentions by considering influencing factors is critical to building a
platform in the digital era.

B. Limitations

The study has several limitations that should be addressed in future research. First, data for this research were collected
from only one country, Indonesia. Since country culture was found to affect the relevance of the constructs such as
perceived risk [50] and quality of service [51], future research should test the scale invariance of this measurement before
applying it to other countries. Second, the participants for this study were sampled based on prior experience with the
P2P lending platform, the employed approach to examine only participants who used a P2P lending platform at least
once. The literature argues that the less familiar and more ambiguous the object being rated, the greater the tendency for
common method bias [52], which could affect the factor structure. Future research should replicate this study's findings
with samples that differ regarding the extent of P2P lending platform familiarity. Third, the emerging financial technology
innovations are generally related to government regulations such as standards and practice guarantees in the industry.
The literature shows that customer protection is one of the main discussion themes in P2P lending platform research
[53]. The factor regulation and the association's roles are more factors for further research to better understand the
adoption intention of P2P lending platforms.

VI. CONCLUSIONS

The empirical study presented in this work reveals that: first, the hypothesis test results of this model show that TR,
PU and PE play important roles. QS had a substantial indirect positive influence on TR, and QS had a indirect negative
influence on PR in terms of adoption intention. Second, PR can influence consumer's opinions about Al in P2P lending
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platforms. The mechanism is that PR has a negative influence on TR, whereas TR encourages consumers to engage in
P2P lending platforms. This demonstrates that consumer's perceptions on P2P lending platforms impact on the lowering
degree of TR in services. Platform development must include methods to minimise PR to users to strengthen TR in
products and services, boosting user's willingness to utilise the platform.
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