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Abstract

Consumers’ channel preferences depend on the value they perceive in each option. This value is a complex construct that includes dimensions such as quality, brand knowledge, enjoyment, and associated costs. Drawing on a sample of 432 Spanish clothing shoppers, this study develops and empirically validates a predictive model of channel preference based on these value dimensions. The results highlight the experiential value of physical stores, linked to elements such as store design, product trialability, extended business hours, and social interaction. In contrast, online channels align with positive prior brand experiences, user-centered virtual store design, detailed product information, compliance with return and exchange policies, and the availability of flexible logistics options. These findings offer a comprehensive understanding of perceived value across channels and help retailers tailor their omnichannel strategies by enhancing the in-store experience and improving convenience and trust in online environments.
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Resumen

La preferencia de los consumidores por uno u otro canal de compra está relacionada con el valor que perciben de cada opción. Este valor es un concepto complejo que abarca dimensiones como la calidad, el conocimiento de la marca, el disfrute percibido, y los costes asociados. A partir de una muestra de 432 compradores españoles de ropa, este estudio plantea y valida empíricamente un modelo predictivo de la preferencia de canal a partir de las dimensiones del valor percibido. Los resultados ponen de relieve el valor experiencial del canal físico, asociado a elementos como el diseño de la tienda, la posibilidad de probar productos, la existencia de horarios extendidos y la interacción social. En contraste, el canal online se relaciona con experiencias previas positivas con la marca, el diseño de tiendas virtuales y procesos de compra centrados en el usuario, el respeto a las políticas de cambios y devoluciones, y la disponibilidad de opciones logísticas flexibles. Los resultados del estudio ayudan a los minoristas a adaptar sus estrategias omnicanal mejorando la experiencia en tienda y reforzando la conveniencia y la confianza en el entorno digital.

Palabras clave: Preferencia de canal, valor percibido, multicanalidad, omnicanalidad, comercio minorista, ropa.

1. Introduction

Shoppers make their decisions based on different factors that influence their shopping choices (Chocarro et al., 2013). These include the type of product, the time of purchase, vendor, and, in multichannel contexts, the selection of channels used during different stages of the shopping process. As retailers increasingly operate in multichannel environments, and consumers increasingly engage with multiple channels, understanding and predicting channel preference—the shopper’s choice of a specific shopping channel (e.g., online or offline) at different stages of the shopping journey—has become critical because customers are segmented based on channel preferences (Neslin, 2022).

The transition to multichannel and omnichannel retailing has been recognized as essential for delivering seamless customer experiences across both physical and digital platforms (Verhoef et al., 2015). This shift highlights the necessity for retailers to prioritize integration and consistency in their retail strategies, which may be determined by customer channel preferences (Iglesias-Pradas & Acquila-Natale, 2023). Choi et al. (2024) propose cross-channel recommendation models to bridge gaps between online and offline shopping, offering consumers tailored options based on their preferences. This aligns with recent advances and trends, such as the emphasis on cohesive omnichannel shopping experiences supported by seamless integration between physical stores and digital platforms (Truong, 2024). Technological advancements, such as blockchain technology and artificial intelligence, not only enable personalized customer engagement but also play a key role in shaping and predicting channel preferences by enhancing channel integration and transparency (Tripathi, 2024).

Furthermore, to deliver cohesive and flexible shopping journeys, retailers must integrate online and offline touchpoints (Hokkanen et al., 2020) while ensuring transparency in service offerings (Reinartz et al., 2019), as customers increasingly expect clear communication regarding available services, delivery times, and product accessibility to improve satisfaction and reduce cognitive effort (Gao et al., 2021).

Despite advancements in technology and integration, logistical challenges remain a major concern. Last-mile logistics, in particular, have grown increasingly complex and costly with the rising popularity of services like buy-online-pick-up-in-store (BOPIS or ‘click-and-collect’) (Zarei et al., 2020), which may impact channel preference by influencing customers’ perceptions of convenience and service reliability. While these services enhance customer convenience, they require significant investments in infrastructure and operational expertise (Sheth, 2021). Nevertheless, click-and-collect services remain a valuable strategy, merging delivery efficiency with customer engagement and driving in-store traffic (Buldeo Rai et al., 2019). Efficient logistics solutions can ensure that preferred channels remain reliable, ultimately encouraging their continued use.

All the above underscore the importance of understanding and predicting channel preference and choice, as they collectively shape how customers navigate multichannel and omnichannel environments. Prior research on channel use in multichannel retailing has traditionally focused on the effect of influencing variables on single-channel choices—such as attitudes, intentions, or actual use (Forsythe et al., 2006; Park & Noh, 2012; Wang et al., 2016). However, limited research has examined the combined impact of sets of variables on channel preferences, and only recently has this topic started to attract scholarly attention—e.g., Agrawal and Gupta (2023), Zielke and Komor (2025).

Recent findings on omnichannel consumer behavior, particularly showrooming and webrooming phenomena, further underscore the complexity of channel preferences (Sharma et al., 2024). These behaviors, specific to multichannel and omnichannel environments, highlight how shoppers evaluate channels based on elements such as product attributes, convenience, and perceived value, and demonstrate that channel preferences are shaped by multiple interacting factors across different stages of the shopping process.

Addressing this gap, this study proposes a predictive model grounded in dimensions of perceived value to estimate channel preference. Because the likelihood of an individual using one channel or another depends on the value the consumer perceives in each of them (Montoya-Weiss et al., 2003), this study aims to develop a model to predict channel use preference based on a set of influencing variables linked to perceived value, or utility. Specifically, we seek to answer the following research question:

RQ: Is it possible to accurately predict channel preference based on the value perceived by shoppers?

By answering this question, the study contributes to a better understanding of how different components of value influence the customer journey in multichannel retailing contexts. From a managerial perspective, predicting channel preference based on a reduced set of variables can help companies align their strategies with different types of shoppers. This study aims to offer actionable insights by leveraging existing tools that capture consumer expectations and perceptions across key dimensions of service quality.

The remainder of this article is structured as follows. Section 2 lays out the conceptual framework by classifying the various components of value that may affect channel preference. Section 3 presents the research methods and the empirical study setting. Section 4 details the data analysis and results. Section 5 discusses the findings and their managerial implications. Section 6 offers some concluding remarks and addresses the limitations of the research.

2. Conceptual framework

Perceived value relates to the overall assessment by consumers of the perceived utility of a product or service, or its perceived benefits, in relation to the effort required to obtain that product or service, or the perceived cost (Chang & Wang, 2011; Gupta et al., 2004; Kim et al., 2012). As such, perceived value results from consumers’ evaluation of the pros and cons of each activity they perform in their shopping process, after which they will try to select the option that maximizes perceived value. In general, it is possible to differentiate five different dimensions of value that may condition channel selection and use in multichannel settings (Acquila-Natale & Iglesias-Pradas, 2021): perceived quality, monetary and non-monetary costs, hedonic aspects of shopping and brand knowledge.

Perceived quality refers to the value judgment made by a consumer about a product or service (Dabholkar et al., 1996; Parasuraman et al., 1988). Acquila-Natale and Iglesias-Pradas (Acquila-Natale & Iglesias-Pradas, 2020) propose a unified view of quality dimensions in a multichannel context, with the following subdimensions: in-store experience, reliability and fulfillment, service provision policies and customer service.

Monetary costs reflect the perception by the consumer about product prices, regardless of their actual price; this means that even when companies may define their price policies, their effect on the shopping decision ultimately falls on shoppers’ perceptions (Natarajan et al., 2017; Woodruff, 1997).

Non-monetary costs refer to other sacrifices that consumers undergo when shopping, such as those associated with time and effort spent searching for information, evaluating alternatives, and purchasing (Verhoef et al., 2007; Wang et al., 2016), along with perceived risks, which refer to the uncertainty experienced by consumers due to the potential negative consequences of their shopping decisions.

Hedonic aspects express the intrinsic motivations of the individual, and may be conceptualized as perceived enjoyment (Childers et al., 2001; Venkatesh et al., 2012); whereas utilitarian aspects are related to consumers’ perceptions of efficacy and efficiency, hedonic aspects reflect the playful perspective and feeling of joy inherent in shopping (Childers et al., 2001).

Finally, brand value or brand equity assumes that individuals facing a shopping decision choose one brand over another depending on the relative value they assign to it (Kotler & Keller, 2006); because brand equity is a multifaceted construct, this study focuses on brand knowledge, which reflects the ability of consumers to identify a brand under different conditions (Keller, 1993).

The final research model (Figure 1) investigates the influence of the dimensions of perceived value on purchasing channel preference and posits the following overarching research hypothesis: “It is possible to predict consumers’ purchasing channel preference from the dimensions of perceived value in multichannel retailing”.


Figure 1. Research model.
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3. Methods and materials

The empirical analysis focuses on multichannel clothing and apparel retailing, a relevant research context due to the sensory nature of the product, the economic relevance of the sector in Spain and the progressive increase in digital sales over the past decade (Frasquet et al., 2015; Velasco et al., 2021).

3.1. Survey design and participant selection

A structured online questionnaire was designed to capture data from Spanish consumers regarding their preferences for online and offline retail channels. Before full distribution, the survey underwent a two-stage pretest process to ensure clarity and relevance. First, it was reviewed by 10 domain experts, followed by a test with 10 university students, who provided feedback for refinement. The final questionnaire was administered using the online tool LimeSurvey. Online administration was preferred to minimize geographic and logistical constraints. Participants were recruited through diverse channels, including university networks, municipal organizations, youth centers, and social media platforms associated with the research team. To boost response rates, a snowball sampling strategy was employed, offering incentives such as gift cards to participants who completed the survey and successfully invited others. Recruitment focused on individuals aged 18 and above who had made apparel purchases in the past 12 months, ensuring alignment with the study’s focus on channel preferences in multichannel contexts. Besides pilot testing the measurement instrument, additional measures were taken to ensure data quality, including filtering incomplete or inconsistent responses. This approach maximized the validity and reliability of the data collected.

3.2. Sample size and representativeness

The sample comprises 432 responses to an online questionnaire; the demographic characteristics of the sample (Figure 2) in terms of gender, age, internet use, and number of online and offline shoppers, are similar to those found in official reports (Instituto Nacional de Estadística, 2021; Modaes.es, 2018; Velasco et al., 2021) and are therefore aligned with national purchasing behaviors and trends, making them representative of the Spanish population. Gender representation shows a slight predominance of females (57%), consistent with findings that women are more active apparel shoppers. The age distribution covers all adult groups, with a focus on economically active segments (18–54 years). Figure 2 illustrates the breakdown of participants by age, gender, and declared channel preference.


Figure 2. Sample demographics (top) and declared channel preference (bottom).

[image: ]


3.3. Survey administration, data quality, questionnaire content and variables

The questionnaire for this study consisted of closed-ended questions designed to gather respondents’ evaluations on various aspects of perceived value dimensions. Closed-ended questions were selected over open-ended ones to facilitate the quantification of responses and ensure clarity and consistency for participants.

The questionnaire collected demographic data, asked questions about the different components of the dimensions of perceived value, and included statements regarding purchasing channel preference. The items corresponding to the 45 independent variables were adapted from Acquila-Natale and Iglesias-Pradas (2020, 2021), with 21 items for perceived quality (in-store experience PQEx1-PQEx8; reliability and fulfillment, PQFi1-PQFi3; service provision policies, PQPo1-PQPo5, and customer service, PQSs1-PQSs5), 4 items to characterize monetary costs (COPr1-COPr4), and 9 for non-monetary costs—time (COTi1-COTi5) and risk (CORi1-CORi4)—, 7 items for hedonic aspects (HCDi1-HCDi7) and 4 items related to brand knowledge (BEKn1-BEKn4).

The respondents were asked to rate on a scale of 0 (non-important at all) to 10 (extremely important) a series of statements about the importance of the different variables in their channel selection choice. To operationalize the dependent variable, respondents were asked to declare their channel preference for shopping; the variable was then operationalized as a dichotomous variable, with values of zero and one indicating preference for the online and offline (physical) channel, respectively.

3.4. Analysis technique

The analysis of the predictive model is based on logistic regression, an appropriate prediction technique when the dependent variable is dichotomous, and the independent variables are either metric or non-metric (Field, 2013). An advantage of logistic regression is the absence of assumptions about normally distributed residuals and the lack of requirements regarding homoscedasticity (Long, 2008). The sample size of the study is slightly lower than the recommended size of ten events per variable, even though simulations show that this threshold is overly conservative, with acceptable values for sample sizes smaller than this (Vittinghoff & McCulloch, 2007). Additionally, the sample meets the recommendations by Hosmer and Lemeshow (2000) for using sample sizes larger than 400.

The analysis includes two different types of logistic regression approaches: forced entry (LR) and stepwise backwards regression, using two different software tools: the glm function of the stats package in R and IBM SPSS v24. These tools use different elimination criteria for stepwise backwards regression: Akaike’s Information Criterion, or AIC (BLR-AIC) and Wald’s distance (BLR-W), respectively.

4. Data analysis and results

4.1. Global results and prediction of channel preference

The results of the three analyses produced a baseline model with 14 variables (BEKn1, BEKn2, HCDI2, HCDI4, HCDI6, HCDI7, PQEx1, PQEx6, PQEx8, PQFi1, PQPo2, PQPo5, PQSs3, PQSs5), but only 9 of them (BEKn2, HCDI2, HCDI6, PQEx1, PQEx6, PQEx8, PQFi1, PQPo2 and PQSs3) were statistically significant in the three analyses and are therefore considered relevant. Table 1 summarizes the main results of the analysis for the three types of logistic regression, with positive (or) negative signs indicating that higher values increase the probability of preference for the offline (or online) channel.


Table 1. Summary results of the logistic regression (only coefficients significant at p<0.05).




	Item

	LR

	BLR-AIC

	BLR-W






	BEKn1

	0.49

	0.37

	 



	BEKn2

	-0.46

	-0.42

	-0.25




	BEKn3

	 
	0.44

	 



	COPr1

	 
	-0.21

	-0.25




	COPr4

	 
	-0.39

	 



	HCDI2

	-0.72

	-0.42

	-0.24




	HCDI4

	-0.95

	 
	 



	HCDI6

	0.52

	0.47

	0.29




	HCDI7

	-0.48

	 
	 



	PQEx1

	-0.76

	-0.63

	-0.48




	PQEx3

	 
	-0.66

	-0.38




	PQEx6

	1.26

	0.75

	0.60




	PQEx8

	1.97

	1.47

	0.97




	PQFi1

	-0.82

	-0.57

	-0.61




	PQFi3

	 
	-0.43

	 



	PQPo2

	0.87

	0.62

	0.41




	PQPo5

	0.86

	 
	 



	PQSs2

	-0.43

	 
	 



	PQSs3

	-0.66

	-0.66

	-0.64




	PQSs5

	 
	0.52

	0.30




	Intercept

	8.29

	7.70

	4.68









Even though logistic regression does not return the same goodness of fit measures as multiple regression, such as R2, it provides assessment measures of goodness of fit and predictive ability of the model. Regarding goodness of fit, the model accounts for between 77.7% and 88.1% of the variance in stepwise backwards regression, whereas for forced entry regression, Nagelkerke’s R2 value is 0.847.

The classification tables (Table 2) show that the model is both appropriate and accurate for predicting shopping channel preference, especially with forced entry regression, which correctly classifies 95.8 percent of the sample correctly (offline shoppers: 98.6 percent; online shoppers: 82.2 percent). From Table 2, forced entry regression demonstrates better predictive performance than stepwise backwards regression.


Table 2. Predictive ability of the model: In-sample classification table.




	 
	 
	Predicted

	 



	 
	Observed

	Online

	Offline

	% Correct






	 
	Online

	60

	13

	82.2




	LR

	Offline

	5

	354

	98.6




	 
	Total

	 
	 
	95.8




	 
	Online

	57

	16

	78.1




	BLR-AIC

	Offline

	6

	353

	98.3




	 
	Total

	 
	 
	94.9




	 
	Online

	57

	16

	78.1




	BLR-W

	Offline

	7

	352

	98.1




	 
	Total

	 
	 
	94.7









4.2. Predictors of preference for offline shopping

From the analysis, the best positive predictors of preference for the physical channel—i.e., higher perceived importance of the variables increase the likelihood that the shopper prefers the offline channel for purchasing purposes—are the following:

• Store design that facilitates an easy shopping process (PQEx6)

• Being able to try the product before purchasing (PQEx8)

• Stores with ample business hours (PQPo2)

• Shopping in the company of other people (HCDi6)

The above variables are related to in-store experience (PQEx6 and PQEx8) and service provision policies (PQPo2) reflecting perceived quality, and hedonic aspects of shopping (HCDi6).

Depending on the type of analysis, and to a lesser extent, other relevant predictors include BEKn1 (knowing the brand), BEKn3 (having had a positive previous experience with the brand), PQPo5 (that the store has secure payment systems) and PQSs5 (that the store provides timely customer service in the manner the consumer expects).

4.3. Predictors of preference for online shopping

Among predictors with negative sign—where higher perceived importance of the variables increases the likelihood that the shopper prefers the online channel—the most relevant variables include the following:

• Having purchased products from the same brand previously (BEKn2)

• A pleasant shopping process (HCDI2)

• A store design that helps consumers easily find the product they need (PQEx1)

• Store compliance with return and exchange terms and conditions in a timely manner (PQFi1)

• Stores providing multiple delivery options, such as home delivery, in-store pick-up, or convenience delivery points (PQSs3)

To a lesser extent, other relevant variables include: lower product prices than in other channels (COPr1), total price—shipping included—not being higher than in other channels (COPr4), aesthetically attractive store design (HCDi4), facilitating sharing shopping experiences with others (HCDi7), providing detailed commercial information (final price, shipping, delivery, warranty, returns, etc.) (PQEx3), ensuring the product received matches the product offered (PQFi3), and offering multiple delivery time options (PQSs2).

5. Discussion

The proposed model demonstrates a high level of specificity and sensitivity, correctly classifying most offline shoppers and over 80% of online shoppers5. This represents a major contribution, as prior studies have primarily focused on consumers’ intentions to use specific channels, whereas this research addresses actual channel preferences in a multichannel context. Except for the relatively limited relevance of cost-related variables, the results largely align with current research on channel preference—e.g., Agrawal and Gupta (2023), Zielke and Komor (2025). The findings also underline the importance of the product category, as clothing and apparel shoppers exhibit distinct informational needs—both in terms of quantity and detail—when making purchasing decisions. Below, we discuss these findings concerning offline and online shopping behaviors, their implications for omnichannel strategies, and the roles of hedonic motivations and brand equity.

5.1. Offline shoppers

Offline shoppers rely on physical stores to meet their informational needs by visiting them, trying on products, and assessing their quality. This need creates demand for extended store hours to accommodate personal and professional responsibilities, consistent with research highlighting the convenience provided by traditional retailers offering longer operating hours (Reimers & Clulow, 2009).

Some retailers have responded to these demands by investing in advanced in-store technologies such as augmented and virtual reality, touchscreens, and virtual fitting rooms, which enhance product trials and the overall shopping experience (Hänninen et al., 2021). Immersive technologies provide shoppers with interactive ways to engage with products, offering richer sensory experiences and greater confidence in purchasing decisions (Shankar et al., 2021).

Moreover, physical stores continue to play a critical role in providing unique sensory and social experiences that digital channels cannot replicate, positioning themselves as key experiential hubs. In addition to meeting sensory and informational needs, offline shopping environments foster personal connections that enhance customer loyalty. Consistent service delivery, combined with interactive experiences across touchpoints, elevates ordinary transactions into meaningful encounters (Heinonen & Lipkin, 2023).

5.2. Online shoppers

Online shoppers require more detailed information about products and brand knowledge. Providing this information further facilitates the shopping decision process due to the progressive standardization of sizes, colors, fabrics, and designs within a given brand. Consequently, uncertainty is reduced, making online shopping more appealing. This finding aligns with the idea that brand familiarity lowers search and effort costs (Melis et al., 2015). Additionally, usability features, including intuitive search tools and real-time inventory availability, further enhance convenience and trust in digital retail environments.

To address the increasing demand for real-time inventory transparency, many retailers are collaborating with third-party providers to offer flexible pick-up and delivery options. These partnerships enhance the convenience of online shopping while optimizing logistics operations. However, such strategies present challenges, particularly with last-mile logistics, which have become increasingly complex and costly (Lee et al., 2020; Sheth, 2021; Zarei et al., 2020). Overcoming these challenges often requires significant investments and innovative solutions, including partnerships with third-party providers and collaborative platforms (Gauri et al., 2021; Jindal et al., 2021). By enhancing inventory transparency and improving logistics systems, retailers can meet the expectations of convenience-driven online shoppers while improving operational efficiency (Yunita et al., 2024).

5.3. Implications for omnichannel strategy

The results suggest that a consistent mix of channel offerings is desirable to maintain competitiveness, especially considering that an adequate multichannel strategy may amplify the benefits of operating separate channels. While heavily contested by online retailers, which excel in convenience, brick-and-mortar retailers transitioning to omnichannel operations can leverage their offline and online channels effectively by offering multiple touchpoints that enable them to inspire, inform, upsell, and communicate with customers on an ongoing basis (Hokkanen et al., 2020). Companies are already aware of how they can leverage systems and technologies to better connect with their customers (Acquila-Natale et al., 2019), but only the right combination of physical stores and online channels allows shoppers to compose a flexible and convenient shopping journey suited to their preferences and needs (Buldeo Rai et al., 2019).

5.3.1. Enhancing offline channels through in-store experience and accessibility

Store designs that facilitate an intuitive and efficient shopping process emerged as a key predictor of offline preference. Retailers can enhance this by optimizing store layouts to reduce the time and effort customers spend locating products. Clear signage, well-organized product categories by attributes such as size, style, or occasion, and strategic placement of popular or trending items can help customers navigate the store more easily, ultimately improving the shopping experience (Ananda et al., 2023).

Moreover, extended business hours offer additional convenience, especially for busy shoppers who may only have time to visit after work or during weekends. This is particularly relevant in urban areas, where demand for flexible shopping times is higher.

Product trial is one of the main advantages of offline clothing stores, as customers often want to try on garments to check fit, comfort, and fabric quality before purchasing. Retailers can enhance this by providing spacious and comfortable fitting rooms, staffed with attendants who can assist with sizing and styling recommendations. Additionally, investing in virtual fitting technologies, such as augmented reality mirrors that allow customers to visualize how clothes fit without physically trying them on, can further enrich the trial experience and attract tech-savvy shoppers (Alexander & Blazquez Cano, 2020; Hänninen et al., 2021).

5.3.2 Strengthening online channels with convenience and trust

For online shoppers, convenience and trust drive channel preference. Online store designs that facilitate easy product discovery reduce cognitive effort and enhance the shopping experience, leading to heightened customer satisfaction (Ananda et al., 2023). In addition, ensuring hassle-free return and exchange policies—and consistent compliance with them—is critical for building trust in online purchases because they assuage consumer concerns about purchasing items without physically inspecting them (Soundrapandian & Priya, 2024). Offering clear, transparent policies and guaranteeing timely resolution of returns or exchanges helps reduce perceived risks and fosters customer confidence.

Offering multiple delivery and pick-up options, including home delivery, in-store pick-up, and third-party delivery points, addresses the growing demand for flexible fulfillment. By providing these options, retailers can enhance the perceived value of the online channel, encouraging continued engagement and loyalty.

Channel transparency plays a critical role in omnichannel success by reducing the risk of inconsistencies between online and offline experiences. Beyond return and exchange policies, ensuring that customers receive clear and accurate information about services, inventory, and delivery options helps build trust and reduce cognitive effort during the shopping process (Gao et al., 2021).

5.3.3. Overcoming logistical challenges

The demand for multiple delivery options aligns with current online shopper preferences, but it poses multiple challenges to traditional retailers. For one, last-mile logistics remains central to omnichannel shopping, yet it is now more complex and less linear (Zarei et al., 2020), and some services, such as click-and-collect, may be expensive to implement at high quality (Lee et al., 2020). In other instances, retailers lack expertise in organizing and implementing delivery strategies, such as those involving home deliveries or pick-up points (Sheth, 2021). Additionally, retailers generally absorb last mile transport costs themselves, leading to operational and financial pressures, which is why omnichannel retailers encourage consumers to pick up their orders in-store (Buldeo Rai et al., 2019).

By promoting click-and-collect and click-and-reserve systems, which increase efficiency by shipping packages via routine replenishment routes to the stores, retailers can generate additional store traffic and purchases, enhancing engagement. Moreover, partnerships with third-party logistics providers and the use of advanced analytics can help mitigate operational challenges and enhance service quality (Gauri et al., 2021).

5.4. Hedonic motivations

The results highlight the importance of hedonic motivations in influencing both offline and online shopping behaviors. Offline shoppers continue to derive value from the social aspects of shopping, such as interacting with staff and other customers, reinforcing the role of physical stores as social spaces (Alexander & Blazquez Cano, 2020). This further emphasizes the need for traditional stores to reinvent themselves as experiential hubs, providing unique sensory and emotional engagement. By appealing to multiple senses and evoking positive emotions, physical stores can foster deeper emotional connections with brands (Brakus et al., 2009). Extraordinary in-store experiences that stimulate multiple senses can create peak moments, enhancing brand attachment (Heinonen & Lipkin, 2023).

Retailers can also further engage online customers by developing user-friendly, effective, and enjoyable digital platforms, including apps and responsive websites, that complement the in-store experience. This dual approach—combining offline sensory appeal with digital convenience—can enhance shoppers’ overall engagement and loyalty, making their interactions with the brand more meaningful (Mosquera et al., 2018). Increasingly, shoppers appreciate virtual experiences just as much as real-life experiences. As such, virtual and physical spaces may be combined to enhance social presence and facilitate deeper engagement (Ananda et al., 2023; Sheth, 2021).

Brands may want to focus on enhancing both the functional experience and convenience while also creating a second layer of emotionally-driven design that fosters a sense of community (Alexander & Blazquez Cano, 2020). Community-driven experiences can boost social engagement, increase recommendations, and encourage positive electronic word-of-mouth (Castro-López et al., 2020).

In addition to these strategies, affective branding and the creation of social presence across omnichannel environments can further engage hedonic shoppers. By blending sensory and emotional elements across channels, retailers can enhance the experiential appeal of both physical stores and immersive virtual environments, making shopping more emotionally rewarding (Karagioumlezis & Spais, 2024). For online shoppers, immersive virtual experiences and smartphone-enabled tools improve convenience and enjoyment, strengthening emotional engagement and brand loyalty (Fan et al., 2022; Mosquera et al., 2018).

5.5. Brand knowledge and brand equity

Finally, brand value and brand equity remain key assets for retailers. This is especially relevant for brick-and-mortar retailers transitioning to omnichannel retailing, as consumers transfer their perceptions about the brand from the offline channel to the online channel (Badenhop & Frasquet, 2021). From the results of the analysis, offline shoppers value brand cognition and knowledge, as well as previous positive interactions with the brand, while online shoppers are more likely to repeat their purchases due to familiarity and lower search and effort costs.

However, mere brand recognition may not be enough; prior research advocates moving beyond recognition toward building brand ecosystems that enable social, emotional, and sensory aspects to increase shoppers’ engagement (Hokkanen et al., 2020). These ecosystems should aim to provide not only memorable experiences that delight customers but also consistent, reliable ones that consistently meet their expectations (Heinonen & Lipkin, 2023). Both types of experiences play key roles in shaping brand perceptions and driving long-term satisfaction and loyalty.

6. Concluding remarks

The proposed predictive model, using components of perceived value to predict purchasing channel preference, is a novel contribution of this study. The predictive model has high in-sample accuracy and provides companies with insights to better understand consumer behavior in multichannel retailing: clothing and apparel stores may leverage their knowledge of a condensed group of variables to predict their customers’ channel preferences, and adapt their strategy accordingly, focusing on actions that enhance value creation, as outlined in the previous section.

The study is not without limitations. First, a larger sample size—with increased representation of online shoppers—would help confirm the results of this study and assess the out-of-sample predictive ability of the model. Second, the study examines a single country (Spain) and product (clothing and apparel), and therefore replication in other countries and sectors is needed to ensure the generalizability of results. Third, the model only focuses on the purchasing stage of the shopping process, and therefore further investigation is needed to explore its applicability in the pre-purchase and post-purchase stages.
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5 While the precision in the classification of offline shoppers may appear unremarkable due to the overrepresentation of offline shoppers in the sample, the model’s ability to accurately distinguish online shoppers highlights its utility. A naïve model assuming an offline preference would classify 83.1% of the sample accurately but would lack the nuanced ability to identify online shoppers, underscoring this model’s contribution.
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