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ABSTRACT 

 

Social media interactions in the rapidly evolving digital marketplace increasingly shape consumer purchasing 

behavior. This study investigates the influence of Electronic Word of Mouth (e-WOM) and price perception on 

purchase intention, with brand image as a mediating variable, using the Indonesian skincare brand Skintific as a 

case study. Utilizing a quantitative approach with Structural Equation Modeling (SEM) on data from 372 TikTok 

users in West Jakarta, the findings reveal that e-WOM significantly impacts purchase intention but does not 

significantly affect brand image. Conversely, price perception exerts a strong influence on brand image and, 

indirectly, on purchase intention. Brand image significantly mediates the relationship between independent 

variables and purchase intention. These insights suggest that while e-WOM remains essential for influencing 

immediate purchasing decisions, price perception plays a more substantial role in shaping brand image, which 

drives long-term consumer loyalty. The study contributes to digital marketing literature by highlighting the 

nuanced interplay between user-generated content, pricing strategies, and consumer behavior in social commerce. 

 

Keywords: Electronic Word of Mouth, Price Perception, Brand Image, Purchase Intention, TikTok Marketing, 
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1. INTRODUCTION 

In today’s rapidly evolving digital era, consumer behavior has undergone a significant 

transformation driven by information and communication technology advances. Social media 

platforms like TikTok have served as entertainment outlets and evolved into some of the most 

influential marketing channels affecting consumer purchasing decisions. According to a report 

by Statista (2025), the number of active TikTok users globally has surpassed 1.5 billion, with 

Indonesia accounting for approximately 126.8 million users, making it the second-largest 

TikTok user base in the world after the United States. (Ceci, 2025) This presents a substantial 

opportunity for businesses to use social media to establish two-way communication with 

consumers. 

One of the primary strengths of social media lies in the emergence of Electronic Word 

of Mouth (e-WOM), a form of consumer-to-consumer online communication, typically 

manifested through reviews, testimonials, and recommendations (Hennig-Thurau et al., 2004). 

Unlike conventional advertising, e-WOM is considered more authentic and trustworthy as it 

originates from user experiences. Furthermore, it has been found that 92% of consumers place 

greater trust in peer recommendations than in brand advertisements, whether directly or 

indirectly (Tafolli et al., 2025). Consequently, e-WOM serves as a highly strategic marketing 

communication tool, shaping brand image and driving purchase intention. 
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In addition to e-WOM, price perception is critical in consumer decision-making. In the 

context of increasing digital consumer literacy, potential buyers evaluate products based on 

absolute price and perceived value. A price commensurate with the benefits and quality offered 

strengthens positive brand perceptions. A study by Munnukka, (2008) Revealed that fair and 

rational price perception significantly enhances brand image and fosters customer loyalty. 

Skintific, a rapidly rising skincare brand in Indonesia, exemplifies the successful 

implementation of e-WOM-based marketing strategies combined with a well-considered 

pricing strategy. One of its flagship products, the Skintific 5X Ceramide Barrier Repair 

Moisturizer, has gained widespread recognition among consumers and received accolades such 

as “Best Moisturizer” from Female Daily and the TikTok Live Awards (TikTok, 2024). This 

success is attributed to its strong digital content strategy and widespread user testimonial 

campaigns on TikTok, which have created a viral effect and reinforced a strong brand image, 

particularly among Generation Z and Millennials. 

Given this phenomenon, the present study is significant in scientifically examining the 

influence of e-WOM and price perception on purchase intention, with the brand image as a 

mediating variable, particularly among TikTok users in West Jakarta. Using a quantitative 

approach based on Structural Equation Modeling (SEM), this study offers theoretical 

contributions and practical implications for companies to design more effective and relevant 

digital marketing strategies in today’s platform-based economy. 

 

2. LITERATURE REVIEW AND HYPOTHESIS DEVELOPMENT 

E-WOM 

 Electronic Word of Mouth (E-WOM) is based on statements of customers posted 

online. To be more specific, when statements include advice, comments, or recommendations, 

others may be impacted positively or negatively by the purchase events. While the message 

may give information about brand perception, it may also be informative in terms of which 

brand is preferred by whom  

The firm's brand image is expected to be influenced by the nature of the E-WOM 

spread, whether the spread is primarily due to price or product-related (Sharifpour et al., 2016). 

It is also postulated that consumers' influence via E-WOM on user intention about the searched 

brand increases as the price perception of the brand and the price perception of the searched 

brand point in opposite directions. 

The importance of E-WOM is increasing thanks to the usage of the World Wide Web 

and the rapid development of communication technologies. (Alshura & Zabadi, 2016). The 

spread of E-WOM, a sub-division of word of mouth defined as an informal communication 

tool, has become valid. E-WOMs, which have significant effects on consumers  

e-WOM is likely to trigger product likes or dislikes, interventions to buy or not to buy, 

brand liking or disliking, brand switching, intent to try, or the intent to use continuously (Sukhu 

& Bilgihan, 2023). Generally, statements made by consumers entail the market, sales, use, and 

effectiveness of objective and subjective qualities of services and goods. Such statements are 

more evocative than promotional statements. Approximately 67% of all statements describe 

the pros and cons of products. Two-thirds of those customers spreading negative messages 

denote more of the cons of the product, while the other part makes a statement about the cons 

of the service. Around 31% of the statements are comparisons with more competitors than the 
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object. Reasons for the spread can vary (the reason can be to inform, alert, or help). A wide 

array of products and services is the subject matter of the spread. 

Furthermore, the experiment will examine and analyze the impact of price perception 

and e-WOM on the Realme brand's image and user intention during the last three months. 

Based on the study's results, it was concluded that price perception positively affects brand 

image and is significant in user intention. In contrast, e-WOM has no significant effect on brand 

image and is significant in user intention. 

In Addition, electronic Word of Mouth positively impacts brand awareness. It 

significantly influences purchase intention through its influence on brand image, which has a 

significant influence and is an intervening variable of electronic Word of Mouth and purchase 

intention through the influence of brand awareness. Brand image has a considerable influence 

and is an intervening variable of brand awareness and e-WOM on the purchase intention of the 

brand. Therefore, the hypothesis building is as follows. 

H1: There is a positive influence of electronic Word of Mouth on Purchase Intention 

H4: There is a positive influence between electronic Word of Mouth and Brand Image 

 

Price Perception  

 Price perception reflects a consumer's understanding and awareness of the price they 

will pay for a particular product over a specific period. (Malc et al., 2016). Consequently, price 

perception can also map consumer preferences, which must be considered in a producer or 

seller's strategy. If the consumer's perception of a reasonable price of a product is higher than 

the price marked, the producer will benefit. Also, consumers will be willing to pay a higher 

price for the same product.  

This does not mean that consumers need knowledge about the products they want to 

buy; they must have basic knowledge of the daily household products to understand their 

prices. The price is too high compared to the quality of the product. Nevertheless, the lower 

price will be more in demand. A person is rational and price-based when determining the 

purchase of a product. Half of the price increase will lead to forex shopping. Moreover, the 

price and number of promotional activities do not need to affect the interest of consumers. 

Producers and consumers only need formulaic substitutions. (Tariq et al., 2017). 

The research examines the impact of Price Perception and Electronic Word-of-Mouth 

on Brand Image and User Intention. It is based on empirical study and is prepared by online 

and social media users for ever-ready online products. Social media interaction includes posts, 

exchanging news, educational training, and ever-ready advertisements. The data was collected 

from 282 respondents through a well-structured questionnaire and analyzed using structural 

equation modeling. The study's findings confirm that price perception positively and 

significantly influences brand image. Therefore, the hypothesis is as follows. 

H2: There is a positive influence between electronic Price Perception and Purchase Intention 

H5: There is a positive influence between electronic Price Perception and Brand Image 

 

Brand Image 

Brand image refers to the overall impression a brand leaves on consumers, 

encompassing the associations and beliefs they hold about it (Shen & Ahmad, 2022)Brand 

image is the impression that resides in consumers' minds, influencing their purchasing 

decisions and loyalty. Other scholars have mentioned that brand image is a multidimensional 

construct influenced by consumers' cognitions, emotions, messages, symbols, values, and 

attitudes toward a brand. (Le-Hoang, 2020).  The prior study found out about live feed and how 

engagement with customers increased customer interactions.  
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Instantly, this increased e-WOM positively and significantly affects the brand image, 

positively and substantially influencing user intention. (Tan et al., 2022). Today, the e-

commerce trend has rapidly grown worldwide, including exhibitions, exposure, and product 

sales through an online medium. In response to these e-commerce trends, online activities and 

commercial transactions have rapidly increased through the Internet. Due to the rapidly 

growing network of users, traders, and markets, online transactions often involve various 

industries. The number of online transactions in Pakistan also seems to have increased 

dramatically. This increased number of online transactions invites several marketing scenarios 

that automatically create competitive activities. Marketing is a social and managerial process 

by which individuals and groups obtain what they need and want through creating and 

exchanging goods and value with others. Therefore, the hypothesis is as follows. 

H3: There is a positive influence between Brand Image and Purchase Intention. 

 

Purchase Intention 

Purchase intention is the extent to which a consumer intends to buy online. Individual 

behavior, different attitudes, and unpredictable circumstances affect purchase intention. 

Purchase intention is the most important and broader concept of marketing. Predicting the 

consumer’s attitude and behavior toward buying is challenging in a competitive environment. 

It is considered the consumer's duty to make a difference and attract the potential consumer to 

purchase a product. (Le-Hoang, 2020). 

Purchase intention increases with price and promotion, brand recognition, the 

increasing size of the advertisement, and increased consumer familiarity with the brand. (Ling 

et al., 2023). People on this planet are orchestrated dynamically, and humans' behavior and 

attitude no longer remain unchanged. They become flexible with circumstances. As time 

changes, adaptiveness changes as well. Humans are always drawn towards discounted and 

reduced-price goods. Brand recognition is vital for any good or service. The influence of brand 

recognition is so strong that it not only enforces consumers' purchase intention but also boosts 

the brand's sales. Brand equity is the financial value of the company. 

 

                                                                                   H1 

                                                   H4                                           

                                                                                                    

                                                  H5                         

                                                                                                   

 

 

Figure 1.1 Research Framework 

 

Methodology 

This study employs a quantitative approach to examine the influence of Electronic 

Word of Mouth (e-WOM) and Price Perception on Purchase Intention, with Brand Image as a 

mediating variable. The research focuses on Skintific skin care products among consumers 

in West Jakarta who engage with the brand via TikTok. 

 

Research Design and Data Collection 

Quantitative methods analyze numerical data, enabling statistical validation of 

hypothesized relationships (Sugiyono, 2019). Primary data is collected using a 5-point Likert 

scale (1 = Strongly Disagree to 5 = Strongly Agree) to measure respondents’ perceptions of e-
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WOM, price perception, brand image, and purchase intention (Sugiyono, 2018). This scale 

ensures granularity in capturing attitudes while facilitating quantitative analysis. 

 

Population and Sampling 

The target population comprises TikTok users in the Greater Jakarta area aged 25-55 

years who have purchased or engaged with Skintific products. Sekaran & Bougie, (2020) 

Defines a population as a group with shared characteristics pertinent to the research objectives. 

The sample size is determined using the Structural Equation Modeling (SEM) guideline 

proposed by Hair et al., (2022) This recommends multiplying the total indicators by 5–10. 

With 28 indicators across all latent variables, a sample of 280 respondents (28 × 10) is selected 

to ensure robustness. In addition, the total number of respondents collected is 372. The 

sampling technique adopts non-probability purposive sampling, targeting individuals who 

meet the criteria of Skintific product usage and TikTok engagement. 

 

Data Analysis Methods 

This study employs Structural Equation Modeling (SEM) using SmartPLS 4.1 to examine the 

complex relationships between variables. SEM integrates factor analysis and regression 

techniques to test hypotheses that linear regression cannot address (Gozali et al., 2019). The 

analysis follows a two-step approach: (1) assessment of the measurement model (validity and 

reliability) and (2) evaluation of the structural model (hypothesis testing). 

A. Validity Test 

The validity of the questionnaire items was assessed using confirmatory factor analysis 

(CFA) in Smart-PLS 4.1. Two criteria were applied: 

1. Discriminant Validity: The square root of the average variance extracted (AVE) for 

each construct must exceed the construct’s correlation with other latent variables 

(Henseler, 2021) 

2. Convergent Validity: 

o Outer loadings > 0.50  

o AVE > 0.50, indicating that the construct explains ≥50% of 

the variance in its indicators (Hair et al., 2020) 

Items failing to meet these thresholds were removed to ensure robust measurement. 

B. Reliability Test 

Reliability was evaluated using: 

1. Composite Reliability (CR) and Cronbach’s Alpha (must exceed>0.70 for established 

scales; >0.60 acceptable for exploratory research) 

2. Internal consistency of constructs, ensuring indicators measure the same underlying 

concept (Shmueli et al., 2019) 

C. Outer (Measurement) Model 

The reflective measurement model was tested to confirm that indicators adequately represent 

their latent constructs. Bootstrapping (10,000 subsamples) assessed the significance of factor 

loadings (p < 0.05) (Hair et al., 2019). 

D. Inner (Structural) Model 

The path coefficients between constructs were evaluated to test hypothesized relationships. 

Key metrics included: 

● R² values: using statistical threshold 0.25 (weak), 0.50 (moderate), 0.75 (strong) 

predictive power (Hair et al., 2022). 

● Effect size (f²): 0.02 (small), 0.15 (medium), 0.35 (large)  
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E. Hypothesis Testing 

Bootstrapping determined the significance of: 

1. Direct effects: Relationships between independent (e-WOM, Price Perception) and 

dependent (Purchase Intention) variables. 

2. Indirect effects: Mediation via Brand Image 

T-statistics > 1.645 (p < 0.05) indicated significance (Kock & Hadaya, 2018) 

F. Total Effects 

The total effect of each independent variable was computed as the sum of its direct and indirect 

effect (through mediators). This quantifies the overall impact on Purchase Intention. (Hayes, 

2022). 

 

Results and Discussion 

Demographic 

 The respondents' demographic and socioeconomic profile shows from Table 1 that 

33.8% are aged 25-34, 30.7% are 35-44, while the 45-54 and over 55 age groups each make up 

35.5%. Gender distribution is nearly balanced, with 30.13% male and 69.87% female 

respondents. Education levels reveal that a majority, 65.2%, hold a Bachelor’s degree, 33.5% 

have a Master’s degree, and 1.3% hold a Doctoral degree. Regarding income, 19.26% earn less 

than 5 million, 48.82% fall within the 5-10 million range, 21.9% earn 10-15 million, and 

10.02% have an income above 15 million. 

Table 1 Respondent Demographic 

Criteria Description 

Percentag

e 

Age 

25-34 Years Old 33,80% 

35-44 Years Old 30,70% 

45-54 Years Old 20,50% 

> 55 Years Old 15,00% 

Gender 
Male 30,13% 

Female 69,87% 

Education Level 

Bachelor Degree 65,20% 

Master Degree 33,50% 

Doctoral Degree 1,30% 

Income Level 

Less than 5 

million 19,26% 

5 - 10 million 48,82% 

10 - 15 million 21,90% 

> 15 million 10,02% 

Source: Questionnaire (2025) 

 

Credibility and Validity test 

Cronbach's Alpha is a measure of internal consistency, indicating how closely related 

a set of items is as a group. A generally accepted threshold for reliability is 0.70 or higher. 

Moreover, composite reliability is another measure of reliability that accounts for the loadings 

of the items, often preferred in Structural Equation Modeling (SEM). Lastly, AVE is a measure 

of convergent validity, which indicates the extent to which a construct explains the variance of 

its items. The generally accepted threshold for AVE is 0.50 or higher. 
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Table 2 Credibility and Validity Output 

Variable Cronbach's alpha Composite reliability 

Average variance 

extracted (AVE) 

Brand Image 0.945 0.955 0.751 

E-WOM 0.928 0.942 0.702 

Price Perception 0.926 0.940 0.719 

Purchase Intention 0.931 0.945 0.713 

Source: Smart-PLS Results (2025) 

 Table 2 demonstrates strong reliability and convergent validity for all constructs in the 

measurement model. Cronbach’s alpha values range from 0.926 to 0.945, and composite 

reliability scores between 0.940 and 0.95 exceed the recommended threshold of 0.700, 

confirming excellent internal consistency and minimal measurement error. Additionally, the 

average variance extracted (AVE) for each construct, ranging from 0.713 to 0.751, surpasses 

the 0.500 benchmark, indicating that their respective latent variables capture more than half of 

the variance in the indicators.  

Brand Image exhibits the highest reliability, α = 0.945, AVE = 0.751, while Price 

Perception shows slightly lower yet still acceptable convergent validity and AVE = 0.693. 

These findings validate the robustness of the measurement model, ensuring that the constructs 

are well-defined and suitable for further structural analysis.  

 

R Square 

R-square (R²), known as the coefficient of determination, measures the proportion of 

variance in the dependent variable explained by the independent variables in a regression 

model. R-square also indicates how well the model fits the data. A higher R-square value 

suggests that the model can explain a more significant proportion of the variance in the 

dependent variable, indicating a better fit. According to Hair et al., (2020), the R-square (R²) 

value can be categorised as follows: R² Values of 0.75, 0.50, and 0.25 mean substantial, 

moderate, and weak. 

Table 3 R-Square Output 
 R-square R-square adjusted 

Brand Image 0.698 0.696 

Purchase Intention 0.712 0.710 

Source: Smart-PLS Results (2025) 

Given that the R-square (R²) value of 0.698 for brand image and purchase intention 

value is 0.712, it indicates a substantial explanatory power of the predictive model (Hair et al., 

2022). These results suggest that the exogenous constructs in the model explain 

approximately 69.8% of the variance in Brand Image and 71.2% of the variance in Purchase 

Intention, demonstrating a strong predictive relevance according to Shmueli et al., (2019) The 

minimal difference between R² and R² adjusted values confirms the model’s stability, 

indicating that including predictor variables is justified and not overfitted. Given that 

both R² values exceed the 0.50 threshold for moderate explanatory power, the model can be 

considered robust in explaining the endogenous constructs (Cohen et al., 2007). 

 

Discriminant Validity 

HTMT is a method for assessing discriminant validity in Partial Least Squares 

Structural Equation Modeling (PLS-SEM). It evaluates whether two constructs are distinct by 

measuring the ratio between-trait correlations (heterotrait) to within-trait correlations 
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(monotrait). According to HTMT theory, discriminant validity is established if the HTMT 

values are below a certain threshold. (Henseler, 2021). Commonly used thresholds are 0.85 for 

conceptually similar constructs and 0.90 for conceptually dissimilar constructs. 

Table 4 HTMT Output 

  

Brand 

Image E-

WOM 

Price 

Perceptio

n 

Purchase 

Intention 

Brand Image         

E-WOM 0.766       

Price Perception 0.890 0.915     

Purchase Intention 0.771 0.879 0.840   

Source: Smart-PLS Results (2025) 

Based on the HTMT matrix in Table 4, the HTMT ratio assessment was conducted to 

evaluate discriminant validity, applying Henseler’s (2019) recommendation that values below 

1.0 generally indicate acceptable discriminant validity. While all HTMT values in this study 

fall within this permissible range, ranging from 0.766 to 0.915, several correlations approach 

the higher end of this spectrum, suggesting potential areas for refinement.  

Specifically, the relationships between Price Perception and E-WOM (0.915) and 

between Price Perception and Brand Image (0.890) exhibit powerful associations, indicating 

that these constructs may share conceptual overlap or that their measurement items could 

capture similar underlying dimensions. Similarly, the correlation between E-WOM and 

Purchase Intention (0.879) approaches the more stringent threshold of 0.85, warranting further 

scrutiny as suggested by Roemer et al., (2021). 

 

Hypothesis Test 

Hypothesis testing is a structured method for making statistical decisions. It is widely 

used in research and industry to validate theories and make data-driven decisions by evaluating 

the likelihood of observed outcomes, assuming the null hypothesis is true. (Malhotra, 2019). It 

helps researchers determine whether observed results are due to chance or indicate a natural 

effect. 

Table 5 Hypothesis Output 

  

Original 

sample 

T 

statistics  P values 

Confidence Interval 

Lower 

5.0% 

Upper 

95.0% 

Brand Image -> Purchase Intention 0.217 2.735 0.003 0.090 0.354 

E-WOM -> Brand Image 0.036 0.407 0.342 -0.102 0.195 

E-WOM -> Purchase Intention 0.538 8.125 0.000 0.426 0.644 

Price Perception -> Brand Image 0.804 9.681 0.000 0.659 0.934 

Price Perception -> Purchase Intention 0.146 1.547 0.061 -0.013 0.299 

Source: Smart-PLS Results (2025) 

Based on Table 5, the analysis reveals a statistically significant positive relationship 

between Brand Image and Purchase Intention (t=2.735, p<0.01), supporting H1. The 95% 

confidence interval [0.090,0.354] excludes zero, confirming the robustness of this finding. 

With an effect size of 0.217, the results suggest that enhancing Brand Image by one standard 

deviation would increase Purchase Intention by 0.217, indicating a moderate but meaningful 

impact. This aligns with prior brand equity literature and suggests brand perceptions directly 

influence consumer decision-making (Kumar & Kaushik, 2020). 
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Next, the path from E-WOM to Brand Image is non-significant (t=0.407, p>0.05) with 

a confidence interval [-0.102,0.195] spanning zero, leading to H2 rejection. The negligible 

effect size (0.036) suggests electronic word-of-mouth may not directly shape brand image in 

this context, possibly requiring mediation through other constructs (Ismagilova et al., 2020). 

This contradicts some social influence theories but may reflect sample-specific characteristics. 

Results show a strong, highly significant direct effect (t=8.125) with a tight confidence interval 

[0.426,0.644], supporting H3. As the most substantial relationship in the model (f²=0.412, 

significant effect), this confirms E-WOM's crucial role in consumer behavior (King et al., 

2014), suggesting peer recommendations outweigh brand perceptions in driving purchase 

decisions in this context.  

The analysis reveals a powerful relationship (t=9.681) with a narrow CI [0.659,0.934], 

supporting H4. The significant effect size (0.804) suggests price perceptions fundamentally 

shape brand image, supporting premium pricing strategies (Lichtenstein et al., 1993). This 

dominant relationship may explain the non-significant E-WOM effect, as price perceptions 

could mediate electronic word-of-mouth influence. The marginal significance (t=1.547, 

p=0.061) with CI [-0.013,0.299] suggests a potential but unconfirmed direct effect. While 

approaching traditional significance thresholds, contemporary standards, would classify this as 

suggestive rather than conclusive evidence (Ou et al., 2021). The small effect size indicates 

price perceptions may operate primarily through brand image rather than directly impacting 

purchases. 

 

Discussion 

 For the first hypothesis, the analysis indicates that brand image influences purchase 

intention for Skintific products in Indonesia. The positive influence of brand image on purchase 

intention is well-established in consumer behavior literature. Recent studies in digital contexts 

have reinforced this relationship, demonstrating that strong brand perceptions serve as mental 

shortcuts that reduce consumer uncertainty during decision-making. Kumar & Kaushik,( 2020) 

Meta-analysis across multiple retail environments confirmed brand image as a consistent 

predictor of purchase intent, particularly in saturated markets where differentiation is crucial.  

Emerging neuroscientific approaches have provided more profound insights into this 

relationship. Alsharif et al., (2023) Neuromarketing studies revealed that compelling brand 

imagery directly activates neural pathways associated with preference formation and choice. 

This suggests brand image operates not just at a conscious evaluative level but also through 

subconscious cognitive processes. The durability of this effect across both traditional and 

digital commerce contexts highlights the enduring importance of strategic brand management 

in influencing consumer behavior. 

Furthermore, the second hypothesis showed a non-significant relationship between 

electronic word-of-mouth and brand image, contrasting with some earlier findings in the 

literature. While initial research emphasized the power of online reviews in shaping brand 

perceptions, more recent work by Smith et al., (2023) duggests consumers are increasingly 

distinguishing between peer opinions and their direct brand experiences. Their longitudinal 

data indicate E-WOM's impact may be more transient than previously assumed, with brand 

interactions eventually overriding second-hand information.  

Liu et al., (2024) offer another plausible explanation through their concept of review 

saturation. In today's digital landscape, where consumers encounter overwhelming volumes of 

often contradictory reviews, the signal-to-noise ratio may diminish E-WOM's effectiveness as 

a brand image builder. This potential desensitization effect warrants further investigation, 
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particularly regarding how different generations process and weigh online reviews in their 

brand evaluations. 

The next variable, which strongly influences electronic word-of-mouth on purchase 

intention, underscores the continued relevance of social proof in consumer decision processes.  

Sang et al., (2024) work on visual E-WOM demonstrates how multimedia user-generated 

content can be even more persuasive than traditional text reviews. It suggests that the format 

and richness of peer information significantly impact its effectiveness. This evolution in E-

WOM formats presents opportunities and challenges for marketers crafting digital strategies. 

Qiu & Zhang, (2024) introduced the vital dimension of review diagnosticity, showing how the 

specificity and relevance of review content mediate its impact on purchase decisions. Their 

findings imply that the quality and depth of E-WOM may matter more than sheer volume or 

average ratings. This has significant implications for platforms considering structuring and 

presenting review information to maximize their influence on consumer behavior. 

Moreover, the dominant role of price perception in shaping brand image strongly 

supports price's function as a quality signal in consumer evaluation processes. Karampournioti 

& Wiedmann, (2021) research on premium pricing strategies demonstrates how price points 

can actively construct brand prestige, particularly in categories where quality is difficult to 

assess directly. Their work highlights the delicate balance required to communicate desired 

brand positioning in pricing decisions.  

Prior study expanded the understanding by examining how price transparency and 

justification influence brand trust (Dodds et al., 1991). Their findings suggest that consumers 

evaluate the absolute price level and the perceived fairness and rationale behind pricing 

decisions. This nuanced view of price perception helps explain its influence on brand image 

formation across product categories and market segments. 

Another variable displayed the marginal relationship between price perception and 

purchase intention, which reflects the complex, context-dependent nature of price sensitivity 

in consumer behavior. Grewal et al., (2020) Meta-analysis highlights how price effects vary 

significantly by product category and purchase involvement, with brand-related factors often 

mediating price's direct impact on purchase decisions. This suggests price operates as part of a 

broader value calculus rather than in isolation. 

In addition, the segmentation approach provides further clarity, identifying distinct 

consumer groups that weigh price differently in their decision processes (Das & Ramalingam, 

2019). Their identification of value-seeking versus prestige-seeking orientations helps explain 

why aggregate studies might show weaker direct price effects, as these opposing tendencies 

can cancel out in mixed samples. This underscores the importance of considering consumer 

heterogeneity in pricing research (Curvelo et al., 2019). 

Conclusion 

This study provides valuable insights into the factors influencing purchase intention for 

Skintific skincare products among TikTok users in Indonesia. The findings demonstrate that 

brand image is crucial in shaping consumers' purchase decisions, reinforcing the importance of 

substantial brand equity in the digital marketplace. While electronic word-of-mouth (E-WOM) 

significantly impacts purchase intention directly, its limited effect on brand image suggests that 

user-generated content may be more influential for immediate conversions than long-term 

brand building. These results highlight the dual nature of digital marketing, where brands must 

balance strategies for short-term sales with long-term brand equity development. 

The study's most striking finding is the dominant role of price perception in shaping 

brand image, underscoring how consumers use price as a key quality signal in their evaluations. 

However, the weaker direct link between price perception and purchase intention indicates that 



8th NCBMA 2025  (Universitas Pelita Harapan, Indonesia) 

“The Role of Industries and Innovation in Achieving Global Sustainability Goals” 

25 April 2025, Tangerang. 

 

 

 

432 

 

pricing strategies may operate primarily through their impact on brand perceptions rather than 

directly driving purchases. This nuanced relationship emphasizes the need for brands to 

carefully craft their pricing strategies to align with desired brand positioning while considering 

how consumers interpret price information in digital environments. 

Moreover, these results contribute to marketing literature by validating established 

theories like brand equity and social proof in Indonesia's TikTok commerce ecosystem. The 

findings offer practical guidance for brands operating in similar markets, suggesting that a 

combination of premium pricing, strategic brand image management, and targeted E-WOM 

campaigns may be most effective. As digital platforms evolve as commerce channels, 

understanding these interrelationships between brand perceptions, social proof, and pricing 

becomes increasingly critical for marketing success in Southeast Asia's growing digital 

economy. 

 

Further Research Suggestions 

Future research should explore the cultural and demographic factors that may moderate 

these relationships, particularly in diverse markets like Indonesia. Investigating how different 

age groups or socioeconomic segments respond to E-WOM and price signals could provide 

more nuanced insights for targeted marketing strategies. Comparative studies across product 

categories (e.g., luxury vs. mass-market skincare) could also reveal how these dynamics vary 

depending on product type and price point, helping brands tailor their approaches more 

effectively. 

Another promising direction would be to examine the evolving role of platform-specific 

features in shaping consumer behavior. Research could compare TikTok's influence with other 

social commerce platforms like Instagram or YouTube Shopping, analyzing how different 

content formats (short videos, live streams, etc.) affect the E-WOM to purchase intention 

pathway. Longitudinal studies tracking consumer journeys across multiple touchpoints would 

be particularly valuable for understanding how these digital interactions accumulate to 

influence brand perceptions and buying decisions over time. 

Finally, emerging technologies present new research opportunities in this domain. 

Studies could investigate how AI-generated content (like synthetic influencer reviews) 

compares to authentic user-generated E-WOM in terms of credibility and effectiveness. As 

these practices become more prevalent, the psychological impact of dynamic pricing 

algorithms and personalized offers in social commerce environments also warrants 

examination. Such research would help brands navigate the ethical and practical challenges of 

increasingly automated and personalized digital marketing while maintaining consumer trust 

and engagement. 
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