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SUMMARY: 
Presented here is a protocol to examine consumer responses toward mass customization in the context of online retailing. The protocol details the online survey procedure and how to analyze data using structural equation modeling and group differences using latent mean analyses. 
	
ABSTRACT: 
As many scholars and practitioners study personalization and relationship marketing, it is important to provide personalization such as mass customization through marketing technology. The purpose of this study is to examine how to conduct consumer research using an online survey and analysis of data. This study examines consumers’ perceived benefits while customizing a product as well as emotional product attachment, attitudes toward a customization program, and loyalty intentions in the context of online retailing. In addition, this study investigates how consumer responses are different based on individual characteristics such as fashion innovativeness. An online survey company in South Korea recruited 290 female apparel shoppers who purchased apparel online. To enhance external validity, this study used an existing retail website with a well-established mass customization program. After completing the customization program, participants complete the online questionnaire. Structural equation modeling (SEM) and latent mean analyses (LMAs) are then performed for analyses. This study stresses the importance of testing measurement invariance for mean comparisons. Before the SEM and LMA, this study follows the hierarchy of invariance tests (configural invariance test, metric invariance test, and scalar invariance test), which are not considered by traditional approaches such as ANOVA. These statistical analyses provide applicability of the invariance test procedures and LMA to consumer behaviors. The conclusions of mean differences have integrity and validity because they are guided by a sophisticated statistical procedure to ensure measurement invariance. 

INTRODUCTION:
Mass customization refers to the ability of an e-retailer to tailor products, services, and the transactional environment to individual customers1. Today’s consumers are not satisfied with standard products, and many retailers have recognized this. Offering a mass customization option is one method to obtain customer loyalty and competitive advantages2. Mass customization as a marketing tactic allows consumers to create their own products based on particular needs and thus provides individualized products or services3. For example, consumers can not only purchase a pair of shoes that are mass produced, but they can also create a new and unique pair of shoes that are not available on regular retail websites by choosing the color, fabric, and other design components. As a result, consumers can purchase more favorable products, and their satisfaction with the customized product as well as brand loyalty increase4,5. 

With increasing use of the internet, the mass customization process has become more rapid and efficient in terms of lowering production time and providing more design options with the same costs. Furthermore, retailers can obtain information regarding what their target customers prefer and thus build strong relationships with them6,7. As such, many industries (i.e., apparel, shoes, cars, and computers) have adopted customization programs. Although mass customization benefits both consumers and retailers, some retailers face challenges8. Therefore, there is a need to examine how consumers perceive benefits and how these benefits influence other shopping responses for long-term success.

Drawing on the hierarchy of effects (HOE) model from persuasion theories9, this study proposes that consumers process information based on cognition-affect-conation sequence. Specifically, this study examines (after creating a mass-customized product) whether perceived consumer benefits (cognition) influence loyalty intentions (conation) through product attachment and the attitude towards a mass customization program (affect). Based on motivation theory10, perceived benefits are divided into extrinsic and intrinsic benefits11. 

Extrinsic benefit pertains to a consumer’s perceived value derived from using a product12 (thus, close in value to the product quality11), whereas intrinsic benefit indicates a pleasant experience when using a product11. In a mass customization context, extrinsic benefit is associated with the product a consumer creates, and intrinsic benefit is related to the customization experience that satisfies hedonic and experiential needs13,14. Prior research has found that consumers’ perceived benefits enhance emotional product attachment15 and positive attitudes toward a mass customization program16. Emotional product attachment refers to an emotional tie that consumers connect to a product17, which positively influences attitudes toward the customization program18 and loyalty intentions19. Furthermore, attitudes toward a customization program positively influence loyalty intentions20. 

Lastly, this study examines how an individual characteristic (i.e., fashion innovativeness) influences consumer responses differently. Fashion innovativeness refers to the degree to which an individual’s innovative tendency influences adoption of a new fashion item21. Research findings show that consumers who desire to avoid conformity (i.e., highly fashion innovative consumers) are motivated to acquire unique products, indicating that mass customization may be an effective tactic to differentiate themselves from others22. Therefore, this study assumes that a greater number of positive responses will be generated for highly fashion innovative consumers. 

Based on previous literature reviews, this study addresses the following research hypotheses. H1: Perceived benefits (a: extrinsic benefit, b: intrinsic benefit) of a mass customized product will positively influence emotional product attachment; H2: Perceived benefits (a: extrinsic benefit, b: intrinsic benefit) of a mass customized product will positively influence attitudes toward a mass customization program; H3: Emotional product attachment will positively influence attitudes toward a mass customization program; H4: Emotional product attachment will positively influence loyalty intentions; H5: Attitude toward a mass customization program will positively influence loyalty intentions; and H6: Compared to low fashion innovativeness, high fashion innovators will have more positive responses to (a) perceived benefits, (b) emotional product attachment, (c) attitudes, and (d) behavioral intentions.

To enhance external validity, this study uses an existing mass customization program. Potential participants in South Korea are recruited for this study and are asked to create their own trench coats using a program as if they had actually purchased the product. To explore the participants’ responses based on their customizing experiences, this study uses an online survey. Participants can access the questionnaire immediately after using the customization program online. After collecting data, the study uses single-group SEM to investigate the effects of consumer benefits on product attachment, attitude, and loyalty intentions. To examine the moderating roles of fashion innovativeness, the study uses LMAs. 

PROTOCOL:
This research was exempted from the IRB Review at Ewha Womans University and was assigned protocol number #143-18. 

1. Recruitment of participants 

1.1. Prepare to conduct an online survey. 

NOTE: An online survey was conducted using a survey company in South Korea. The research company has the largest consumer panel with high response rates in Korea. Age and gender distributions in the panel reflect the state of the Korean population. The consumer panel has a high degree of reliability through the verification of real names. Since the research company manages the panel continuously with various innovative methods, the panel’s loyalty toward the research company is high; therefore, survey results obtained by the company are known to be highly reliable. 

1.2. Recruit female consumers who have experience shopping for apparel online.  

NOTE: Female consumers in Korea spend a high percentage of income on apparel shopping, and shopping behaviors occur mostly online23. Therefore, selecting this group as participants for this study is suitable. 

1.3. Send an invitation email to the participants that includes information regarding the purpose of the study and assurance of the confidentiality of their responses. 

1.4. Send guidelines to those who agree to take part in the survey showing how to create trench coats using the customization program (see Figure 1).

NOTE: To avoid potential situations in which participants may encounter difficulty using the customization program, a moderator from the research company sent the guidelines. Furthermore, the moderator called the participants and explained the customization procedure while participants reviewed the guidelines. 

1.5. Ask the participants to capture a screenshot of the created trench coat and provide a price for the coat to ensure that they actually create a trench coat in the customization program. 

1.6. Send a link that is connected to the e-mass customization program in an existing shopping website when the participants understand the procedure. 

1.7. Provide the following scenario to the participants: “Please imagine that you are well-off enough to purchase likable clothing and have to purchase a trench coat to attend an important meeting. You want to create a unique trench coat. While browsing the internet, you come across the perfect apparel website that has a mass customization program”.

NOTE: This step is required to increase involvement levels and control product type and consumer perception of product price.

1.8. Allow participants 24 h to create a trench coat after reading the scenario.

NOTE: Participants are free to create a trench coat by choosing a preferred overall style, collar, coat lengths, sleeve length, pockets, fabric, and lining in the case that they will actually purchase it. If they have problems creating a coat in the customization program, they are allowed to call and ask the moderator at any time during the 24 h period. 

1.9. Activate the survey link after 24 h so that participants who are ready to take the survey (i.e., those who have finished capturing the screenshot of the trench coat they created) can click on the survey link. 

[Place Figure 1 here]

2. Survey procedure 

2.1. Ask participants to upload the screenshot and price of the trench coat they created to the first page of the survey (see Figure 2). 

NOTE: Only participants who upload the screenshot may access the questionnaire.  

2.2. Ask participants to complete the online questionnaire regarding perceived benefits, emotional attachment to the customized product, attitude toward the customization program, loyalty intentions, and demographic questions (see Table 1). 

2.3. Give a reward to those who complete the survey. 

NOTE: Here, participants received a reward of ₩10,000 (about US $10) for participation. Participants who quit the survey or fail to provide the screenshot and price received ₩1,000 (about US $1). 

[Place Figure 2 here]

[Place Table 1 here] 

3. Data preparation 

3.1. Save the survey data in an SPSS file as “Data_TOTAL.sav” (see Figure 3), which contains all the responses of survey participants. Delete cases that include missing values. Use the cleaned data to conduct an SEM analysis.

3.2. Separate the total data into two data files: high and low fashion innovative groups. Use a median split. Sum and average the scores of six items of fashion innovativeness, and calculate the median score of fashion innovativeness (med = 4.17). 

NOTE: Median split is frequently used in psychology and marketing research, and using a median split for a continuous variable to examine group differences is valid24.

3.3. Click “Recode into Different Variables” under the “Transform” menu. Create a new variable, “fashion innovative group (FIG)”, by coding “1 (low fashion innovative group)” if the mean score is lower than the median (e.g., median = 4.17), or by coding “2 (high fashion innovative group)” if it is higher than the median (see Figure 4). 

3.4. Click “Split into files” under the “Data” menu, double-click the variable “fashion innovative group (FIG)” to move it to the “Split Cases by” field, and assign the “Output File Directory” location to save the files (see Figure 5). 

3.5. Save “1.sav” and “2.sav” in the assigned directory. Change the file names to “Data_low fashion innovativeness.sav” and “Data_high fashion innovativeness.sav” to use both for LMA.

[Place Figure 3 here]

[Place Figure 4 here]

[Place Figure 5 here]

4. Running a confirmatory factor analysis (CFA) 


4.1. Conduct a single group CFA with the five-factor measurement model to confirm the convergent validity. Click “Select data file(s) | Data_TOTAL.sav”. Develop the measurement model based on the research questions. 

4.1.1. The measurement model includes five latent variables (i.e., extrinsic benefit, intrinsic benefit, emotional product attachment, attitudes toward a mass customization program, and loyalty intentions) and 17 observed variables (three observed variables for extrinsic benefit, three for intrinsic benefit, four for emotional product attachment, four for attitudes toward a mass customization program, and three for loyalty intentions). Set variances of the latent variables as “1” (see Figures 6 and 7). Click “Calculate estimates.” 

4.2. Check the fit indices of the measurement model from results of the single group CFA: goodness-of-fit index (GFI), adjusted goodness-of-fit index (AGFI), normed fit index (NFI),  Tucker-Lewis index (TLI), comparative fit index  (CFI), and root mean square error of approximation (RMSEA).

[Place Figure 6 here]

[Place Figure 7 here]

5. Running an SEM 

5.1. To test the relationships among latent variables, conduct an SEM. Click “Select data file(s) | Data_TOTAL.sav”. Develop the SEM based on the research questions, including five latent variables and 17 observed variables.

5.2. Draw arrows from “Extrinsic_V” and “Intrinsic_V” to “EP_Attachment” and “Attitude_MP,” as well as from “EP_Attachment” and “Attitude_MP” to “Loyalty.” Add three unobserved variables, namely “z1” as a predictor of “EP_Attatchment”, “z2” as a predictor of “Attitude_MP”, and “z3” as a predictor of “Loyalty” (see Figure 8, Figure 9). Click “Calculate estimates”. Check the “Estimates” and fit indices of the model.

[Place Figure 8 here]

[Place Figure 9 here]

6. Conducting invariance tests for LMA

6.1. To compare the high and low fashion innovative groups, conduct an LMA based on multi-group confirmatory factor analysis (MGCFA). Before the LMA, test configural invariance, metric invariance, and scalar invariance between both groups25. 

6.2. Creating the multi-group measurement model: create the measurement model (i.e., the model for MGCFA) with two groups named “high” and “low” under “Manage Groups”. Select the data files for the groups in the following manner: “Data_low fashion innovativeness.sav” for the low fashion innovative group and “Data_high fashion innovativeness.sav” for the high fashion innovative group (see Figure 10).

 [Place Figure 10 here]

6.3. Testing configural invariance

NOTE: If the structure of the measurement models in both groups have the same form (i.e., same dimensions and same patterns of fixed and non-fixed values), the configural invariance is satisfied (see Figure 11). If the fit of the measurement model is satisfactory, proceed to the next step for checking metric invariance26. 

6.3.1. Perform the CFA with the previously proposed five-factor measurement model for each group. Click “Calculate estimates”. Check the “Estimates” and fit indices of both models. If the fit of both models is satisfactory and the factor coefficients are significant, proceed to the next step. 

6.3.2. Conduct MGCFA with the five-factor measurement model as a baseline model. Fix “1” for the factor coefficient from each latent variable to the first observed variable and let free the other factor coefficients. Click “Calculate estimates”. 

6.3.3. Check the “Estimates” of the two groups and fit indices of the model. If the fit of the model is satisfactory and the factor coefficients are significant, configural invariance is satisfied. Then, proceed to the next step involving the metric invariance test. 

[Place Figure 11 here]

6.4. Testing metric invariance 

NOTE: The test of metric invariance evaluates whether the factor coefficients linking latent variables to observed variables are equal across groups. 

6.4.1. For the test of metric invariance, fix the factor coefficients across groups. Enter the same name for the same coefficients across groups (e.g., “a” for Extrinsic_V | E2, “j” for EP_Attachment | EA4, see Figure 12). Click “Calculate estimates”. Check the “Estimates” of the two groups and fit indices of the model. 

6.4.2. Conduct a chi-square difference test by comparing the full metric invariance model (i.e., the model with fixed factor coefficients across groups) with the configural invariance model (i.e., the model with free factor coefficients across group). If the chi-square difference is non-significant, the metric invariance is satisfied. Then, proceed to the next step involving the scalar invariance test25-27. 

[Place Figure 12 here]

6.5. Testing scalar invariance 

NOTE: Scalar invariance means that 1) the same values on the latent construct are associated with the same values on the observed variable and 2) the differences in the means of the observed variables are derived from the mean differences of the latent variables. To test scalar invariance, restrict the intercepts of observed variables so that they are equal across groups28. 

6.5.1. Click “Analysis properties” under the “View” menu. Click the “Estimation” tab and check “Estimate means and intercepts”. Right-click each observed variable and choose “Object Properties”. Select the “Parameters” tab and enter the parameter names such as “int_e1” and “int_ea1” in the intercept text boxes (see Figure 13).

6.5.2. Conduct a chi-square difference test by comparing the full metric/full scalar invariance model (i.e., the model with fixed intercepts of observed variables and fixed factor coefficients across groups) with the full metric invariance model (i.e., the model with fixed factor coefficients across group). If the chi-square difference is non-significant, the full metric/full scalar invariance is satisfied. 

NOTE: Here, a specific hierarchy (configural invariance test, metric invariance test, scalar invariance test) is used. Once each invariance test is satisfied, conduct the LMA by using the finally selected model (i.e., the full metric/full scalar invariance model). 

[Place Figure 13 here]
	
7. Running a LMA	

7.1. Conduct an LMA by utilizing the full scalar/full metric invariance model27, 28. To compare the means of latent variables, fix the means of latent variables in one group and let them be free in the other group. 

7.2. Estimate the mean differences across groups by fixing one of means to zero for a reference group, then estimating the mean values for the other group. Thus, fix the means of all the latent variables in the low fashion innovative group at zero. It is important to ensure that the means of latent variables in the high fashion innovative group are free and their variances in both groups are free (see Figure 14). 

7.2. Click “Calculate estimates”. Check the “Estimates” of the two groups and fit indices of the model.
 
7.3. Click “View text” and check the means of latent variables in the high fashion innovative group under “Estimates” (see Figure 15).

[Place Figure 14 here]

[Place Figure 15 here]

REPRESENTATIVE RESULTS:
[bookmark: _GoBack]Frequency statistics offered characteristics of the sample. A total of 290 female online consumers completed the shopping process using the e-mass customization program. The demographic characteristics of the sample were evenly distributed. By age group, 23.1% were in their twenties, 28.3% in their thirties, 26.6% in their fourties, and 22.1% in their fifties. By marital status, 58.3% were married, while 40% were single. By occupation, 45.2% were office workers, 22.8% were housewives, 10.3% were professionals, 9.3% were students, and 5.5% were in the service sector (Table 2). 

A single group CFA was conducted with five latent variables (“Extrinsic_V”, “Intrinsic_V”, “EP_Attachment”, “Attitude_MP”, and “Loyalty”) and 17 observed variables. The fit of the five-factor measurement model was evaluated. Although the chi-square statistic was significant (chi-square = 179.63, df = 109, p = 0.000), the chi-square statistic is sensitive to large sample sizes (n = 209). The values of other fit indices indicated a good overall model fit (GFI = 0.93, AGFI = 0.91, NFI = 0.97, TLI = 0.98, CFI = 0.99, and RMSEA = 0.05). All critical ratios (CRs) of factor coefficients were significant (p < 0.001), implying that the convergent validity was achieved (Figure 16). 

[Place Table 2 here]
 
[Place Figure 16 here]

A single group SEM was conducted. Fit indices of the measurement model revealed an acceptable fit (GFI = 0.93, AGFI = 0.91, NFI = 0.97, TLI = 0.98, CFI = 0.99, and RMSEA = 0.05). The CR values of path coefficients were significant and revealed the following: (1) positive effects of “Extrinsic_V” (beta = 0.431, CR = 6.661, p < 0.001) and “Intrinsic_V” (beta = 0.339, CR = 6.848, p < 0.001) on “EP_Attachment”; (2) positive effects of “Extrinsic_V” (beta = 0.159, CR = 2.581, p < 0.05) and “Intrinsic_V” (beta = 0.378, CR = 6.688, p < 0.001) on “Attitude_MP”; (3) positive effects of “EP_Attachment” on “Attitude_MP” (beta = 0.328, CR = 4.905, p < 0.001); and (4) positive effects of “Attitude_MP” on “Loyalty” (beta = 0.846, CR = 6.932, p < 0.001). The effect of “EP_Attachment” on “Loyalty” was not significant (beta = 0.078, CR = 0.696, p = 0.486; see Table 3). 

[Place Table 3 here]

By utilizing a median split (med = 4.17), the data were divided into two groups: low fashion innovative group and high fashion innovative group. A t-test was conducted and revealed significant mean differences in fashion innovativeness between high and low fashion innovative groups (M high = 5.03 > M low = 3.50; SD high = 0.72, SD low = 0.68; N high = 141, N low = 149; t = 18.53, df = 288, p < 0.001).

Before comparing the latent means between high and low fashion innovative groups, a hierarchy of invariance tests was performed. First, CFAs with the proposed five-factor measurement model were conducted separately for the low fashion innovative and high fashion innovative groups. The results revealed an excellent model fit for the low fashion innovative group (NFI = 0.96, TLI = 0.99, CFI = 0.99, and RMSEA = 0.04) and high fashion innovative group (NFI = 0.93, TLI = 0.97, CFI = 0.97, and RMSEA = 0.07). All factor coefficients were significant, implying that the five-factor model is accepted for both groups. 

The next step was to move from the single group CFA to MGCFA to cross-validate the five-factor measurement model for both groups. Model 1 (configural invariance model) was tested to confirm whether the proposed structure would be the same across low and high fashion innovative groups. The results found that the fit of the model was satisfactory. The values of other fit indices indicated the good overall model fit (NFI = 0.94, TLI = 0.98, CFI = 0.98, and RMSEA = 0.04; see Table 4). Thus, configural invariance was achieved. All CRs of factor coefficients were significant (p < 0.001). Model 1 was considered a baseline model.

To test metric invariance, the factor coefficients were constrained to be the same across two groups, and another MGCFA was performed (Model 2). Since Model 2 was nested in Model 1, a chi-square difference test was conducted. The result revealed that a chi-square difference of 14.728 (df = 12) was not significant (p = 0.257), and metric invariance was satisfied (see Table 4). An example of the chi-square difference test is as follows: chi-square(model 2) - chi-square(model 1)  = 323.492 - 308.764 = 14.728; df difference: df (model 3) - df (model 2) = 230-218 = 12; chi-square (df = 12) = 14.728, p-value = 0.256649.

Since the metric invariance model (Model 2) was accepted, scalar invariance was tested. Intercepts of five latent variables were constrained to be equal across two groups, and the last MGCFA was performed (Model 3). Since full metric/full scalar invariance model (Model 3) was nested in Model 2, a chi-square difference test was conducted. The results revealed that a chi-square difference of 11.18 (df = 12) was not significant (p = 0.514), and scalar invariance was satisfied (see Table 4). An example of the chi-square difference test is as follows: chi-square(model 3) - Chi-square(model 2) = 334.672 – 323.492 = 11.18; df difference: df (model 3) - df (model 2) = 242-230 = 12; chi-square (df = 12) = 11.18, p-value = 0.513559.

[Place Table 4 here]

Given that the configural invariance, metric invariance, and scalar invariance were achieved, the LMA was performed. The low fashion innovative group was used as the reference group, with its means of latent variables fixed at zero, while latent mean values for the high fashion innovative group were estimated. The results of the LMA revealed that the means of five latent variables (“Extrinsic_V”, “Intrinsic_V”, “EP_Attachment”, “Attitude_MP”, and “Loyalty”) for high fashion innovative groups were positive values and were significantly higher than those for low fashion innovative groups (see Table 5). 

[Place Table 5 here]

FIGURE AND TABLE LEGENDS: 

Figure 1: Directions for using the e-mass customization program. Participants of online survey read directions regarding how to create the trench coats using the customization program and follow steps 1–8.

Figure 2: Examples of trench coats created using the e-mass customization program. Participants created trench coats by selecting a preferred collar, length, fabric, etc., followed by uploading a screenshot of the trench coat creation. 

Figure 3: Data_TOTAL. The data includes responses of all participants (n = 290) used for SEM analysis. 

Figure 4: Creating the new variable “fashion innovative group (FIG)”. The new variable (FIG) was made by coding “1 (low fashion innovative group)” and “2 (high innovative group)”. 

Figure 5: Splitting the dataset into two data files. The total data file, “Data_TOTAL”, was divided into “Data_low fashion innovativeness.sav” and “Data_high fashion innovativeness.sav” files for subsequent use in an LMA.

Figure 6: Model specification for confirmatory factor analysis.

Figure 7: Measurement model for confirmatory factor analysis. The measurement model for CFA was created by using the AMOS program. Variance of latent variables were set as “1”. 

Figure 8: Model specification for structural equation modeling.

Figure 9: Structural equation modeling analysis.

Figure 10: Selecting data files for groups. The measurement model for MGCFA was created, and two data files (“Data_low fashion innovativeness.sav” and “Data_high fashion innovativeness.sav”) were uploaded. 

Figure 11: Equal dimensions and forms of the measurement models across two groups. (A) Model for the high fashion innovative group and (B) model for the low fashion innovative group. 

Figure 12: Fixing the factor coefficients across groups. By entering same name for the same coefficients across groups, the factor coefficients were restrained. 

Figure 13: Entering parameter names in the intercept text box.

Figure 14: Setting the latent variable means and variances. (A) High fashion innovative group and (B) low fashion innovative group.

Figure 15: Output for latent means analysis.

Figure 16: Output for confirmatory factor analysis.

Table 1: Measurement scale. This table has been used previously29.

Table 2: Sample characteristics.

Table 3: Results of single group structural equation modeling. This table has been modified from a previous publication29.

Table 4: Fit indices for invariance tests for LMA. This table has been modified from a previous publication29.

Table 5: Results of LMA. This table has been modified from a previous publication29.

DISCUSSION:

Implications of findings 
The findings of this study reveal that consumers’ extrinsic and intrinsic benefits derived from creating a mass customized product help the growth of emotional attachment to the product, creation of positive attitudes toward the customization program, and increased loyalty intentions. The findings on the moderating effects of fashion innovativeness reveal that when compared to consumers in a low fashion innovativeness group, those in a high fashion innovativeness group perceive greater benefits, have greater attachments, form more favorable attitudes toward the program, and have greater loyalty intentions. These results provide theoretical and practical insights supporting the HOE model.

Implications of online survey methodology 
This study conducted an online survey using a survey company in South Korea. The research company has the largest consumer panel with high response rates in Korea. Age and gender distributions in the panel reflect the state of Korean population. The consumer panel has a high degree of reliability through the verification of real names. Since the research company manages the panel continuously with various innovative methods, the panel’s loyalty toward the research company is high; therefore, survey results obtained by the company are seen as highly reliable. 

The use of an existing mass customization program has advantages over traditional experimental studies. Participants can try a mass customization program in a natural and realistic setting, rather than one that is intentionally manipulated for the study. Although participants understand that they are participating a study, they do not utilize mass customization program under investigation. Reactivity effects can be removed, and their responses toward the mass customized product are more similar to their actual behaviors when creating a customized product. Therefore, this study posseses the advantage of field research based on naturalism30, thus maintaining a high degree of external validity. Furthermore, the participants’ responses are similar to members of the population from which they were selected. This study obtains generalizability of findings for this specific condition (i.e., female online apparel shoppers in South Korea). 

This study provides a scenario to participants who want to create a product in a customization program. A criticism of scenario-based studies is their external validity. Participants are more likely to be involved in cognitive evaluations than emotional ones because of the artificial nature of the scenario31. However, findings reveal that consumers who perceive benefits from the customized product show greater emotional attachment to the product, indicating that they can evaluate both cognitive and emotional aspects of the experience. This study simulates a real-life purchasing experience using the described scenario. As a result, participants show a higher degree of involvement in the purchasing situation, further enhancing external validity. 

Implications of SEM and LMA 
This study applies SEM to test the relationships among latent variables, and it utilizes the LMA with MGCFA to compare the means of latent variables across two consumer groups (low and high fashion innovative groups). The LMA requires the hierarchy of invariance tests, which follows critical steps of a (1) configural invariance test, (2) metric invariance test, and (3) scalar invariance test. It has been emphasized that high quality research should apply invariance tests before testing SEM and LMA, because the invariance tests can rectify and assess measurement errors within each latent variable, estimate construct validity, and evaluate measurement invariance across groups13. The results of mean comparisons can differ according to the applied data analyses, such as ANOVA and MGCFA. If the measurement invariance does not hold, statistical results of mean differences from ANOVA and MGCFA become different and invalid32. 

This study stresses the importance of testing measurement invariance for mean comparisons and provides information on the applicability of invariance test procedures and LMA concerning research on consumer behaviors. Readers should be able to perform their own analyses easily. If required, assumptions pertaining to the measurement invariance are not satisfied, and the mean comparisons of latent variables may not be interpreted. The research conclusions of mean differences can have validity, because they are guided by a sophisticated statistical procedure to ensure measurement invariance. Researchers need to estimate measurement invariance and conduct mean comparisons to ensure integrity of future studies. 

Although this study focuses on multiple group comparisons, the comparisons are limited to examine latent mean differences and do not address group differences in the relationships among latent variables. An alternative approach for multiple group comparisons is to apply MGSEM multiple group structural equation modeling (MGSEM) and compare the path coefficients across groups. To do this, measurement invariance tests are required, and the hierarchy of invariance tests will then be applicable for further research.  
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