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Abstract

:

Online reviews have become an important source of information for consumers, significantly influencing their purchasing decisions. However, the abundance and variety of review formats, especially the mix of text, image, and video elements, can lead to information overload and hinder effective decision-making. This study investigates how different review formats and their combinations affect the perceived helpfulness of reviews. We develop a comprehensive framework to analyze the interactions between text, image, and video elements and their impact on the helpfulness of reviews. We collect and code 8693 online reviews from JingDong Mall Mallacross six product categories, including both experience products and search products, and use multiple regression analysis to test our hypotheses. Our results show that textual review elements significantly increase review helpfulness. However, their effectiveness decreases as the amount of information increases, indicating cognitive overload. Text reviews are more prone to contribute to information overload, while visual elements such as images and videos generally do not contribute to information overload in the coexistence of text, image, and video reviews. Imagery components have a minimal effect on review helpfulness. Video elements are relatively short, which may not be sufficient to convey useful information. We also find that the impact of review formats varies between experience products and search products, and that star ratings moderate the alignment of textual or imagery components with consumer expectations. We conclude that the hybrid of text, image, and video elements in online reviews plays a crucial role in shaping consumer decision-making and information overload. Our research contributes to the literature on online reviews and information overload while providing practical implications for online retailers, review platforms, and consumers to optimize review formats, star ratings, and product types to facilitate informed purchase decisions.
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1. Introduction


Online reviews have become a vital source of information for consumers in the digital era, as they offer rich and diverse insights into product attributes and user experiences. As a result, they have a significant impact on product sales [1,2]. With the advancement of e-commerce technologies, online reviews have also incorporated various content elements, such as text, images, and videos, to enhance their expressiveness and persuasiveness. While these content elements may increase richness and reduce uncertainty for consumers, they may also create information overload and cognitive burden for consumers, especially when they come from multiple sources and have conflicting or inconsistent messages [3,4]. This backdrop sets the stage for our investigation into the dynamics of online review content elements and their impact on consumer perceptions and behaviors. A central inquiry emerges: Does the inclusion of a wider variety of review content elements necessarily enhance their perceived helpfulness to consumers, or is there a quantitative relationship indicating an optimal balance? This question probes the complex interplay between the richness of review content elements and their utilities, suggesting that beyond a certain threshold, additional information may not only cease to add value but could also detract from the overall utility of the reviews.



Previous research has highlighted the moderating role of product type, classified as either sensory or non-sensory, in the relationship between review content elements and perceived helpfulness [5]. Sensory products are those with attributes that can only be evaluated through direct experiences, such as taste, smell, or touch, while non-sensory products are those with attributes that can be evaluated through indirect information, such as functionality, durability, or reliability [6]. Empirical studies have demonstrated that the length of textual reviews has a stronger positive effect on review helpfulness for sensory products compared to non-sensory products, as consumers seek more detailed information to reduce the uncertainty associated with sensory attributes [7]. However, the extant literature reveals a gap in understanding how alternative review elements, particularly the hybrid of text, image, and video elements within a single review, interact with product types to influence review helpfulness. Given their capacity to convey richer and more vivid descriptions compared to text alone, images and videos are posited to be especially beneficial for reviews of experiential products, providing consumers with a more immersive insight into the product experience [7,8]. Moreover, prior research has primarily relied on controlled laboratory experiments to investigate the differential impact of review formats across product types, leaving a notable scarcity of empirical investigations conducted within the authentic context of online shopping environments where hybrid review elements coexist and interact [9].



This research gap underscores the need for a more nuanced understanding of how product types might jointly modulate the effects of diverse review elements on review helpfulness in real-world e-commerce settings. The interplay between various content elements and their combined influence on perceived helpfulness across different product categories remains largely unexplored. Consequently, we articulate our second research inquiry as follows: How do various content elements interact with each other, and how do different product types moderate the effects of these presentation formats on review helpfulness amidst the coexistence of multiple review content elements in the digital marketplace?



By addressing this question, we aim to contribute to the existing body of knowledge by providing a more comprehensive understanding of the complex dynamics between review content elements, product types, and perceived helpfulness in the context of authentic online shopping environments. This research endeavor holds significant implications for both theory and practice, as it seeks to unravel the intricate relationships between various presentation formats and their effectiveness in aiding consumer decision-making across different product types.



Star ratings, which serve as numerical representations of consumers’ overall evaluations, range from one to five stars and play a pivotal role in shaping the helpfulness of online reviews. These ratings, as encapsulated in prior research, interact synergistically with other review presentation formats—such as photographs and textual descriptions—to modulate perceived review helpfulness. Filieri et al. [10] illuminate the nuanced dynamics between extreme star ratings and the inclusion of reviewer-generated photographs, elucidating that reviews featuring extreme ratings coupled with photographs are perceived as more helpful. This effect is particularly pronounced in contexts requiring visual validation, such as hotel reviews. Further extending this inquiry, Filieri et al. [11] discern that reviews characterized by extremely negative ratings garner higher helpfulness evaluations when they are not only lengthy but also exhibit readability. Nonetheless, the burgeoning prevalence of video reviews on digital platforms introduces a novel dimension to the discourse on review helpfulness. Video reviews, by providing a rich tapestry of visual and auditory information, stand to offer a more immersive evaluative experience than their textual or photographic counterparts. However, this richness potentially exacts a cognitive toll on consumers, necessitating heightened attentional resources for processing and integration [8]. The evolving landscape of online reviews, increasingly characterized by a confluence of multiple content elements—including text, images, and videos—needs a refined understanding of how star ratings influence the efficacy of these diverse formats in aiding consumer evaluations. In light of the foregoing considerations, our inquiry pivots to the third critical research question: How do star ratings moderate the effects of hybrid content elements, encompassing text, images, and videos, on the perceived helpfulness of online reviews? This question seeks to unravel the complex interplay between quantitative evaluations encapsulated by star ratings and the qualitative richness afforded by different content elements.



Therefore, it is essential to understand how hybrid content elements affect the perceived helpfulness and information overload of online reviews, and how this effect is moderated by other factors, such as product types, review ratings, and other content characteristics in the authentic context of online shopping environments. In this study, we construct and empirically validate a theoretical framework grounded in the principles of information overload theory and dual-coding theory. Employing a comprehensive and varied dataset from JingDong Mall, a leading online retail platform in China, accessed on 14 and 15 January 2024, we investigate how text, images, and videos in online reviews jointly influence the dichotomous outcome of review helpfulness, while accounting for variables such as product type, review ratings, and response to review usefulness. We also conduct some robustness checks using different model specifications and measurement methods. We found that while longer textual reviews initially enhance perceived helpfulness, their effectiveness diminishes beyond a certain length due to cognitive overload. Text reviews are more prone to contribute to information overload, while visual elements such as images and videos generally do not contribute to information overload in the coexistence of text, image, and video reviews. Short videos fail to provide sufficient information, whereas longer videos become more helpful once they exceed a specific duration. The number of images in a review does not significantly affect its helpfulness. Additionally, our findings indicate that product types and star ratings moderate the effects of these review elements. Experience products benefit more from detailed reviews across all formats, while search products require fewer elements. High star ratings particularly enhance the helpfulness of textual and image reviews. These insights suggest that platforms should carefully balance content richness and conciseness, tailoring review formats to specific product types to optimize consumer decision-making and satisfaction.



Our investigation focuses on determining whether increasing the diversity of review content elements (text, images, and videos) enhances perceived helpfulness or if there is an optimal combination where additional information detracts from utility. This problem is significant given the rapid growth of content-rich online reviews and the potential for information overload impacting decision quality. The remainder of this paper is structured as follows: Section 2 provides a literature review. Section 3 lays out the theoretical foundation and develops the hypotheses. Section 4 explains the research methodology, including data collection, variables, and analysis methods. Section 5 presents the empirical results of the statistical analysis and discusses additional robustness checks performed. Section 6 offers an in-depth discussion of key findings related to image quantity and presentation formats. Finally, Section 7 summarizes theoretical and practical implications, limitations, and future research directions.




2. Literature Review


2.1. Elements of Online Review Content and Online Review Helpfulness


Online reviews serve as a crucial information source for consumers seeking to make well-informed purchasing decisions. They offer diverse information, including details on product attributes, quality, performance, usage, satisfaction, and social–emotional cues like opinions, ratings, emotions, and interactions [12]. Additionally, online reviews can shape consumer attitudes, beliefs, preferences, and behaviors, including trust, confidence, satisfaction, loyalty, and purchasing intentions [12,13]. However, they also present a challenge to consumers, who must sift through and process vast amounts of information from numerous sources. Online reviews can be multimodal, including text, images, and videos, and displayed on platforms with various design elements, such as color, font, and layout [14,15,16]. The combination of different modalities constitutes the unique presentation form of each review, markedly influencing the efficiency and efficacy with which consumers gather and interpret information. Varied modalities within reviews convey distinct types of information, triggering diverse cognitive and emotional responses among consumers [17].



In the current e-commerce context, many platforms enable consumers to submit reviews in different formats. In this study, we consider a text-based review as a review that contains textual elements, an image-based review as a review that contains image elements, and a video-based review as a review that contains video elements. A review may contain one or more of these elements in combination. Presentation formats, characterized by the inclusion of different elements, may differently affect consumer information processing and decision-making, conveying varied information types and eliciting diverse cognitive and emotional responses [18,19].



Review helpfulness serves as a key indicator of online review quality and value, mirroring consumer evaluations and judgments [8,20]. Prior research has examined the effects of presentation format variables, such as using one or two presentation formats, on the effectiveness of review helpfulness and their relative impact [8,21,22,23]. However, these studies mainly focused on the direct effects of presentation format variables, overlooking the combination effect of different presentation formats. Given that these presentation formats originate from a single source—the platform—it is important to consider their interdependence in the analysis [24]. For example, the effectiveness of image and text elements within videos may depend on the contextual interaction between modalities, highlighting the role of their common source in the analytical discourse. Moreover, when information is presented in multiple modalities, consumers may use different cognitive processing channels simultaneously, requiring a synthesis process to form a coherent understanding [25]. This implies the existence of trade-offs that deserve attention. Therefore, we aim to explore the individual and interactive effects of content elements on review helpfulness and to elucidate their roles and relationships in the context of multimodal review presentations.




2.2. Information Overload in Online Consumer Decisions


Information overload, pivotal in online decision-making, is defined by an abundance of information surpassing consumer processing capacity, resulting in adverse decision outcomes [26,27]. This phenomenon affects both cognitive and emotional aspects of consumers, influencing their decision quality and confidence and impacting their information search and evaluation strategies. Numerous studies have explored the dynamics between review quantity, perceived quality, and consumer satisfaction, revealing that information overload and decision difficulty serve as central mediators [28,29]. Their findings suggest that improved perceived quality of reviews may alleviate information overload, particularly with greater review engagement, stressing the importance of balancing information quantity and utility.



Previous studies have shown that consumers rely on a limited set of reviews for decision-making, and that review sentiment plays a critical role. Jabr and Rahman [30] further explore the role of top reviews, those reviews highlighted or featured by online platforms due to factors such as high helpfulness ratings from the community, extreme valence, recency, and verification of purchase, in alleviating information overload in contexts with a large number of reviews. They find that the effectiveness of top reviews in reducing overload depended on their number and consistency with the overall review sentiment. Furner and Zinko [31] examine the effects of information overload on trust and purchase intentions on various digital platforms and discovered that while a moderate amount of information can enhance trust and purchase intentions, excessive information can lead to decreased trust and purchase intentions due to information overload. This effect was more pronounced on mobile platforms, suggesting that the smaller screen size and navigation difficulties contribute to a quicker onset of information overload compared to web environments. Townsend and Kahn [19] enhance our understanding of the influence of information presentation formats, especially the visual preference heuristic. They showed that although visual presentation increased perceived variety, it also increased choice complexity and overload.



In the context of online consumer decision-making, information overload is a multifaceted phenomenon that extends beyond the mere quantity of information available. Eppler and Mengis [26] emphasize that the quality, relevance, and presentation of information also play crucial roles in determining the occurrence and severity of information overload. They argue that irrelevant, ambiguous, or inaccurate information can exacerbate the cognitive burden on consumers, hindering their ability to effectively process and utilize the available information. Additionally, different elements of information content may affect consumers’ information processing capabilities differently, thereby influencing the perception of information overload.



Textual information usually requires word-by-word reading and comprehension, and it may contain detailed descriptions and complex information. Images and video information provide a more intuitive and vivid expression of information, which can help consumers quickly understand product features or user experience. However, image and video information may also introduce additional information, such as background, color, motion, and other details, that require extra cognitive processing from consumers.



When textual, image, and video information coexist, they may complement each other and provide more comprehensive information, but they may also cause a dramatic increase in information volume, exceeding the processing capacity of consumers. Furthermore, different consumers may have different preferences and abilities for processing information, and some consumers may be more adept at processing textual information, while others may favor visual information. Therefore, the effects of information presentation formats and combinations of different review content elements on information overload are complex and variable.



In our examination of the multimodal elements of online reviews and their impact on information overload and cognitive burden, we particularly focused on the interplay of text, image, and video elements across different product types and rating levels. To comprehensively understand the key findings and research gaps in the existing literature, we conducted a review of signifcant studies that influence the perceived helpfulness of online reviews.



Table 1 summarizes the key literature on online review helpfulness and information overload. This table highlights the major findings from previous studies and identifies the research gaps that warrant further investigation. This literature review aids in delineating the current limitations in the field and provides a theoretical foundation and direction for our study.





3. Theoretical Background and Hypotheses


3.1. Cognitive Load Theory and Dual-Coding Theory


Cognitive load theory (CLT) is a framework that explains how the human cognitive system processes and stores information in working memory and long-term memory [32]. According to CLT, working memory has a limited capacity and can only handle a few elements of information at a time, while long-term memory has a virtually unlimited capacity and can store complex schemas of information [33,34]. Therefore, learning occurs when new information is processed in working memory and integrated with existing schemas in long-term memory. However, learning can be hindered by cognitive overload, which occurs when the amount and complexity of information exceed the working memory capacity. CLT suggests that cognitive load can be classified into three types: intrinsic, extraneous, and germane. Intrinsic cognitive load refers to the inherent difficulty of the learning material, which depends on the learner’s prior knowledge and the number of interacting elements. Extraneous cognitive load refers to the additional load imposed by the instructional design, such as the presentation format, the organization, and the clarity of the information. Germane cognitive load refers to the load devoted to constructing and automating schemas, which facilitates learning and transfer [35]. CLT proposes that effective instruction should aim to reduce extraneous cognitive load, optimize intrinsic cognitive load, and foster germane cognitive load.



Dual-coding theory (DCT) is a framework that explains how the human cognitive system represents and processes verbal and nonverbal information [36]. According to DCT, there are two independent but interconnected systems for encoding and retrieving information: the verbal system and the nonverbal system. The verbal system deals with linguistic information, such as words and sentences, while the nonverbal system deals with imagery information, such as pictures and sounds. DCT suggests that information can be encoded and retrieved through either system or both systems simultaneously, resulting in different modes of representation and processing. DCT proposes that dual coding, which involves the use of both verbal and nonverbal information, enhances learning and memory, as it creates multiple memory traces and increases the chances of recall [37]. Consequently, textual, visual, and video elements within reviews may concurrently influence the helpfulness of the review. Based on these two theories, we propose the following hypotheses regarding the effects of varied content elements, information load, star ratings, and product type on review helpfulness:



Hypothesis 1 (H1).

Distinct review content elements (text, image, and video) can increase review helpfulness by reducing extraneous cognitive load and enhancing dual coding.






3.2. Information Overload and Underload in Hybrid Content Elements


Information load theory is a cognitive theory that explains how individuals process information in decision-making situations. According to this theory, individuals have a limited capacity to process information and tend to seek an optimal level of information load that matches their information needs and processing abilities [26]. When the information load is too high, individuals may experience information overload, which can impair decision quality and satisfaction due to the excess complexity and volume of information [38]. Conversely, when the information load is too low, individuals may suffer from information underload, lacking sufficient or relevant information to make informed decisions, which increases uncertainty and dissatisfaction. Both information overload and underload can have negative consequences for consumers, such as lower satisfaction, confidence, trust, and purchase intention.



Information load theory has been applied to various domains, such as marketing, accounting, management, and e-commerce. In the context of online reviews, information load theory can help to understand how different review content elements affect the amount and complexity of information that consumers receive, and how this influences their perception of review helpfulness. The review content elements can influence the degree of information overload and underload experienced by consumers, as they determine the quantity and quality of information provided by the reviews. Different review elements have different characteristics, such as richness, vividness, interactivity, and modality, that can affect the information load and cognitive processing of consumers. Text-based reviews convey verbal information, which requires more cognitive effort to interpret and analyze, but can provide more detailed and nuanced information about product attributes and experience [39]. Image-based reviews convey visual information, which is processed faster and more easily by the brain, but can provide less comprehensive and reliable information about product quality and performance [21]. Video-based reviews combine verbal, visual, and auditory information, which can create a more engaging and immersive experience, but can also impose more cognitive load and require more attention [40]. User-generated reviews serve as a crucial conduit of product-related information, reflecting buyers’ experiences and quality appraisals. A pervasive assumption is that the more detailed a review, the richer and more useful the information conveyed [12]. Nonetheless, emerging evidence indicates that this correlation might not be purely linear, especially when exploring the dimensions of text, image, and video reviews [24,41].



For text, factors such as complexity, readability, word frequency, and non-literalness can influence the information load [42,43]. For images, perceptual complexity, visual complexity, and visual features might dictate the information load [44,45,46]. For videos, additional elements, such as the number of frames, motion information, visuospatial sketchpad, and cognitive engagement, can also impact the information load [47,48]. When text, images, and videos interplay, the fusion of their features can also affect the overall information load [49,50].



In the realm of textual reviews, length often signifies perceived expertise, with longer reviews signaling a wealth of information. However, considering the constraints of human cognitive capacity, an overabundance of information can induce cognitive overload, thereby diminishing the review’s value. Consequently, there seems to be an optimal review length that maximizes perceived helpfulness, beyond which the benefits wane. To measure the information load of text-based reviews, we use the word count as a proxy, following previous studies [12,41]. We expect that the word count of text-based reviews will have a positive effect on review helpfulness up to a certain point, after which the effect will become negative due to information overload. Therefore, we propose the following hypothesis:



Hypothesis 2a (H2a).

The relationship between the word count of text-based reviews and review helpfulness is inverted U-shaped, such that review helpfulness increases with word count to an optimal point and then decreases with information overload.





For image-based reviews, the number of images can indicate the amount of visual information provided by the reviews [51,52]. However, more pictures do not necessarily mean more information, as some pictures may be redundant, irrelevant, or low-quality [51]. Thus, the effect of image count on review helpfulness may not be linear, but rather inverted U-shaped. When the image count is too low, consumers may face information underload, as they do not have enough visual evidence to verify the product quality and performance. In such cases, increasing the number of pictures can enhance review helpfulness by providing additional relevant information. However, as the image count continues to rise, consumers may face information overload, as they have to process more visual information and filter out the noise. Therefore, there may be an optimal image count that balances the information load and maximizes the review helpfulness. To measure the information load of image-based reviews, we use the image count as a proxy. Therefore, we hypothesize that the image count of image-based reviews will have a positive effect on review helpfulness up to a certain point, after which the effect will become negative due to information overload. Hence, we propose the following hypothesis:



Hypothesis 2b (H2b).

The relationship between the image count of image-based reviews and review helpfulness is inverted U-shaped, such that review helpfulness increases with image count to an optimal point and then decreases with information overload.





For video-based reviews, the duration of the videos can reflect the amount of verbal, visual, and auditory information provided by the reviews [52]. Similar to text-based reviews, longer videos may convey more information and expertise, but they may also impose more cognitive load and require more time and attention from consumers. Therefore, the effect of video duration on review helpfulness may also be inverted U-shaped. When the video duration is too short, consumers may not receive enough information to make informed decisions. When the video duration is too long, consumers may lose interest or become overwhelmed by the information [38,39]. Therefore, there may be an optimal video duration that balances the information load and maximizes the review helpfulness. To measure the information load of video-based reviews, we use the video duration as a proxy, because the longer the video is, the more complicated the review is. We expect that the video duration of video-based reviews will have a positive effect on review helpfulness up to a certain point, after which the effect will become negative due to information overload. Therefore, we propose the following hypothesis:



Hypothesis 2c (H2c).

The relationship between the video duration of video-based reviews and review helpfulness is inverted U-shaped, such that review helpfulness increases with video duration up to an optimal point and then decreases with information overload.





To test H2a–H2c, we will include a quadratic term of each presentation format (word count, image count, and video duration) in our regression models, as they capture the nonlinear effects of information load on review helpfulness.




3.3. Product Types


Product type plays a pivotal role in shaping consumers’ perceptions and assessments of online reviews. Different product types, with their unique attributes, risks, and uncertainties, cater to the varied information needs and preferences of consumers [53,54]. Historically, products have been categorized into multiple types, such as search vs. experience products [55,56], durable vs. nondurable [45], and hedonic vs. utilitarian [53]. The search and experience product dichotomy, introduced by Nelson, remains particularly influential [57]. It differentiates products based on the ease and cost of assessing their quality pre- and post-purchase.



Search products, like books and electronics, have qualities that are ascertainable prior to purchase [58,59,60]. In contrast, experience products (e.g., movies, hotels) reveal their true quality only after purchase or consumption. Search products typically carry less risk and uncertainty, possessing objective, verifiable attributes. Conversely, experience products, with their subjective qualities, present higher uncertainty and risk. Previous research has yielded mixed results regarding the impact of product type on the helpfulness of online reviews. Some suggest the greater helpfulness of reviews for experience products due to their ability to mitigate uncertainty [12], while others argue for the supremacy of search products in this context, citing their reliance on objective information [42,43]. In light of the unique needs of experience products, we propose the following revised hypotheses:



Hypothesis 3a (H3a).

The impact of text-based reviews on perceived helpfulness is moderated by product types, with a greater benefit for experience products. This stems from text reviews’ ability to provide detailed narratives about unobservable, experiential attributes.





Hypothesis 3b (H3b).

Image-based reviews exert a more significant impact on the perceived helpfulness of experience products than search products.





Hypothesis 3c (H3c).

Video-based reviews are more effective in enhancing the helpfulness perception of experience products compared to search products.






3.4. Star Ratings


Star ratings, an integral component of online reviews, serve as a rapid and intuitive indicator of product quality and consumer satisfaction. Predominantly ranging from one to five stars, these ratings encapsulate a succinct evaluation of a consumer’s experience with a product. Within the digital commerce landscape, star ratings exert a significant influence on consumer perceptions and decision-making processes. They often represent the preliminary element observed in an online review, profoundly impacting consumer behavior. Elevated star ratings can allure potential purchasers by fostering trust and perception of superior quality, while diminished ratings may dissuade acquisitions, signaling potential deficiencies or discontent. The ramifications of star ratings extend beyond mere attraction or deterrence; they sculpt consumer expectations and perceptions of the product even before the engagement with the detailed review narrative. For instance, elevated star ratings, when coupled with an elaborate text review, can augment the credibility of the review. Overall retailer product rating increases with the increase in review length [59]. Conversely, identical ratings paired with a terse or ambiguous review may provoke skepticism regarding its authenticity. Similarly, the integration of star ratings with image or video reviews can either amplify or diminish the perceived utility of the review, contingent upon the congruence between the visual content and the assigned rating. Star ratings frequently act as a heuristic for consumers, especially in scenarios characterized by an abundance of choices or information overload.



In contexts of information saturation, consumers may increasingly rely on star ratings for expedited decision-making, potentially eclipsing the nuanced review content. To elucidate the role of star ratings in relation to the perceived helpfulness of online reviews and their presentation formats, we articulate the following hypotheses:



Hypothesis 4a (H4a).

The perceived helpfulness of text-based reviews is moderated by their associated star ratings, with higher ratings hypothesized to enhance this helpfulness.





Hypothesis 4b (H4b).

The influence of image-based reviews on perceived helpfulness is shaped by star ratings, with congruence between high ratings and visual content being posited to amplify this helpfulness.





Hypothesis 4c (H4c).

In video-based reviews, the interaction between star ratings and content is anticipated to be significant, with high ratings aligned with video content hypothesized to elevate perceived helpfulness.





These hypotheses are designed to clarify the complex relationship between star ratings and various review formats, highlighting their contribution to the overall perception of online reviews. Based on the above theoretical background and hypotheses, we develop a research model that depicts the relationships among presentation format, information load, product type, star ratings, and review helpfulness. The research model is shown in Figure 1.





4. Research Methodology


4.1. Data Collection


We use a Python web scraping tool to collect data from Jing Dong Mall, one of China’s largest online retail platforms. We retrieved 8693 online reviews of six products on 14 and 15 January 2024. These products represented two types of products: experience products and search products, following Nelson’s categorization [38,39]. Experience products, such as the SK-II Star Luxury Skincare Experience Set, Wuliangye 8th Generation 52 Degrees Strong Aroma Chinese Spirit, and He Feng Yu Men’s Perfume Gift Box, are those whose quality can only be assessed after consumption. Search products, like Huawei HUAWEI P40 (5G) 8G+128G, Canon PowerShot G7, and Lenovo Xiaoxin 16 2023 Ultra-thin 16, i5-13500H 16G 512G Standard Edition IPS Full Screen, have attributes that can be evaluated before purchase.



For each online review, we collected the following data: (1) star ratings by the reviewer (1 to 5); (2) total number of likes or thumbs up for the review; (3) word count of the review, or zero if the review is textless; (4) number of pictures in the review, or zero if the review is imageless; (5) video duration of the review, or zero if the review is videoless; (6) product category, corresponding to one of the six products; (7) number of responses to the review; (8) product type, coded as one for experience products and zero for search products. These variables indicate the online review elements that may influence consumer perception.



We classified these products into positive (4–5 stars), neutral (2–3 stars), and negative (1 star) reviews, following JingDong Mall’s evaluation management rules. These ratings represent consumer insights based on their shopping experiences and product quality perceptions. We also gathered reviews without helpfulness votes, indicating no consumer feedback on their quality. We used the recommended order for data acquisition, as such reviews tend to have more words, helpfulness votes, responses, and a variety of presentation formats, which align with our research objectives. Table 2 summarizes the data collection process and the descriptive statistics of the data.



As shown in Table 2, all 8693 online reviews contain textual elements, accounting for 100% of the reviews. Among them, 5545 reviews contain imagery elements, accounting for 63.794% of the reviews, and 1034 reviews contain video elements, accounting for 11.895% of the reviews. To further explore the composition of review elements, we account for the three types of elements (text, image, and video) in the number of reviews. We find that nearly half of the reviews consist of text and images, while the rest are composed of text only or hybrid review content elements (text, images, and videos), with proportions of 36.121% and 11.895%, respectively (Figure 2). This indicates that the mixed use of multiple review content elements is prevalent on JingDong Mall.




4.2. Variables


Our dependent variable is identified as ‘Review Helpfulness Votes’ (Helpfulness), which is defined as the total count of people who interacted with the upward-facing thumb symbol, indicating their endorsement of the review’s helpfulness. This variable reflects the extent to which other consumers find a review useful for their purchase decisions. A higher count indicates a higher level of helpfulness.



The independent variables are related to the review presentation format, which consists of three content elements: text, image, and video. For text, we use the word count (RLength) of the review as a proxy for the information provided by the reviewer. We expect that longer reviews will be more helpful than shorter ones, as they can convey more details and insights about the product. For images, we use the number of images (NImage) included in the review as a proxy for the visual appeal and credibility of the review. We expect that reviews with more pictures will be more helpful than those with fewer or no pictures, as they can enhance the consumer’s understanding and trust of the product. For videos, we use the duration of videos (DVideo) attached to the review as a proxy for the interactivity and engagement of the review. We expect that reviews with longer videos will be more helpful than those with shorter or no videos, as they can provide more vivid and dynamic demonstrations of the product.



We also include some control variables that may affect the review helpfulness, such as the star ratings (SRating) of the review, the product types (PType) that contain experience products and search products, the product category, and the number of responses (RResponse). The star ratings of a review serve as an indicator of the reviewer’s level of satisfaction or dissatisfaction with the product. This sentiment can significantly shape the tone and overall perception conveyed in the review. In our dataset, star ratings are represented on a scale of 1 to 5, with 1-star ratings signifying an extremely negative attitude towards the product and 5-star ratings reflecting a highly positive experience. The product types capture the difference in the information asymmetry and uncertainty between the two types of products, which may affect the consumer’s reliance on online reviews. We expect that reviews of experience products will be more helpful than those of search products, as they can provide more valuable information that is difficult to obtain before purchase. The product category controls for the variation in product characteristics and consumer preferences across different categories, such as beauty, liquor, perfume, mobile phone, camera, and laptop. The number of responses is measured by how many messages other consumers or readers left under a review, which may affect the review’s popularity and visibility. We expect that reviews with more responses will be more helpful than those with fewer or no responses, as they can indicate more interest and engagement from other consumers. Table 3 shows the summary statistics of the main variables below.




4.3. Analysis Method


To test our hypotheses and to estimate the effects of hybrid review content elements on review helpfulness, we employed a multilevel mixed-effects generalized linear model (meglm) using Stata software. This statistical method can handle count data with binomial distribution and random effects at multiple levels. We use the data collected from JingDong Mall to fit our model. To facilitate the interpretability of our findings, we z-standardize all variables so that we can compare the effects of regression coefficients on the dependent variables measured in standard deviations.



We specified five models of meglm regression, each with a different set of independent variables. The baseline model (Model 1) included only the control variables, such as the star ratings, the product type, and the number of responses. The second model (Model 2) added the main effects of the three types of review elements. The third model (Model 3) added the quadratic terms of the three types of reviews, to capture the possible nonlinear effects of information load. The fourth model (Model 4) added the interaction terms of product types and the three types of reviews, to examine the moderating role of product types. The fifth model (Model 5) added the interaction terms of star ratings and the three types of reviews, to investigate the moderating role of star ratings. By comparing the five models, we could assess the incremental contribution of each dimension of the review presentation format to the review helpfulness.



We followed the approach of Lutz et al. [41] and Yin et al. [60] to model the number of helpful votes, as a binomial variable with probability parameters and trials. The baseline model was as follows:


      Logit   (  θ ) =     β   0   +   β   1     SRating  +    β   2      PType +    β   3     RResponse  +    β   4      RLength         +   β   5     NImage  +    β   6     DVideo  +    β   7        RLength    2   +   β   8       NImage   2        +   β   9       DVideo   2   +   β   10     P T y p e × R L e n g t h      +   β   11      PType   ×    NImage +   β   12      PType   ×    DVideo      +   α   C   +   α   P   + ε .     








RHVotes  ∼   Binomial   [ R V  otes,   θ ]  .



Here,     β   0     is intercept,     α   C     and     α   P     are random intercepts for each category and product type, and   ε   is the error term. In addition, our regression model contained three interaction terms to test hypotheses H3a, H3b, and H3c. We will incorporate more interaction terms to test other hypotheses.





5. Results and Robustness Checks


5.1. Main Results


We present the results of our multilevel mixed-effects generalized linear regressions in Table 4, which shows the coefficients, the standard errors, the significance levels, the log-likelihood, and the AIC of each model.



The results of Model 1 show that only the number of responses has a significant positive effect (  β   =   1.14453 ,   p < 0.01  ) on the review helpfulness votes, indicating that more popular reviews are more helpful. These regression results suggest that the model needs to include more explanatory variables to account for the variation in the review helpfulness votes.



The results of Model 2 show that the review content element variables also have significant effects on the review helpfulness votes. The word count, the number of images, and the video duration have positive significant effects (  β   =   0.2520958 ,   p < 0.01 ;   β   =   0.6736385 ,   p < 0.01 ;   β   =   0.2474221 ,   p < 0.01  , respectively), indicating that more extended and more interactive reviews are more helpful than shorter and less interactive reviews. Meanwhile, the control variable star ratings turn negative and significant (  β   =   − 0.5604907 ,   p < 0.01  ). As more variables are added to the models, the significance level almost stays the same. However, according to Model 5, the number of images has no significant effect, contrary to our expectations. This means that more visual reviews are not necessarily more helpful than less visual reviews, which is in line with Li and Ensafjoo [17] and Li and Xie [51]. This may be due to the low quality, irrelevance, or redundancy of some images, or the high cognitive load and interaction impact caused by other types of information elements. These findings partially support Hypothesis H1, which posits that distinct review content elements can augment review helpfulness by mitigating extraneous cognitive load and leveraging dual coding. However, the limited capacity of human cognition, especially when confronted with multiple modalities of information, suggests a preference for textual and video elements over images in online review contexts. This preference indicates that while text and video reviews significantly contribute to information processing and decision-making, the role of images remains nuanced, potentially limited by factors such as quality and relevance. Therefore, our results support the view of Townsend and Kahn [19] that while visual presentation can be appealing and effective for small choice sets, verbal presentation may be more advantageous for making informed decisions in larger assortments.



We further investigate the potential non-linear effects of review content elements on review helpfulness by incorporating the squared terms of the variables in Model 3. The results in Model 5 reveal that both the squared term of word count (RLength2) and video duration (DVideo2) have significant impacts on review helpfulness (  β =   −0.3036335,   p   < 0.01;   β =   0.1194758,   p   < 0.01, respectively). These findings suggest the presence of diminishing returns for word count and increasing returns for video duration in terms of their influence on the perceived helpfulness of reviews. The inverted U-shaped relationship between word count and review helpfulness, as hypothesized in H2a, is supported by our analysis. This implies that beyond a certain threshold, increasing the length of text-based reviews may not enhance their helpfulness, and could even lead to a decline. On the contrary, for video-based reviews, our results indicate that short videos may not be sufficient to convey enough useful information. The helpfulness of video-based reviews becomes more evident only when the video duration surpasses a specific threshold. It is worth noting that JingDong Mall currently imposes a 15 s limit on user-uploaded videos, which is relatively short compared to other social media platforms such as Twitter and Instagram, for longer videos can provide more space to convey a complete message or story, which may be necessary for some products or services. Interestingly, the squared term of the number of images (NImage2) becomes insignificant in Model 5, suggesting that the hypothesized inverted U-shaped relationship between image count and review helpfulness (H2b) is not supported in the presence of multiple content elements. This finding further reinforces our previous observation that image elements have a limited influence on review helpfulness when various types of review content elements are considered simultaneously.



Model 4 reveals that product types significantly influence review helpfulness votes, even after accounting for other variables. The product types dummy variables exhibit varying signs and magnitudes, suggesting varying levels of review helpfulness across different products. For instance, reviews of experiential products, like the SK-II [New Year Coupon] Star Luxury Skincare Experience Set, Wuliangye 8th Generation 52 Degrees Strong Aroma Chinese Spirit, and He Feng Yu Men’s Perfume Gift Box, demonstrate positive effects, whereas reviews of search products, such as the Huawei P40 (5G) 8G+128G, Canon PowerShot G7, and Lenovo Xiaoxin 16 2023 Ultra-thin, i5–13500H 16G 512G Standard Edition with IPS Full Screen, exhibit adverse effects. With the inclusion of additional variables in Model 5, the confidence level stayed (  p < 0.01  ) with the position effect. These findings imply that the impact of the review presentation format varies across product types. Additionally, these results corroborate hypotheses H3a, H3b, and H3c, positing that product types moderate the effect of text-, image-, and video-based reviews on review helpfulness.



The results of Model 5 indicate significant effects of the interaction between review length and star ratings on review helpfulness votes, even after accounting for other variables. The interaction terms exhibit varied signs and magnitudes, suggesting that the interaction between review length and star ratings (SRating × RLength) shows a significant positive effect (  β   =   0.1185116 ,   p < 0.01  ). These findings corroborate hypothesis H4a, which posits that the perceived helpfulness of text-based reviews is moderated by their associated star ratings. Specifically, it is hypothesized that higher star ratings amplify the perceived helpfulness of detailed text reviews. Additionally, the interaction between the number of images and the review rating (SRating × NImage) reveals a positive effect (  β   =    0.1526409  ,   p < 0.05  ), suggesting that higher star ratings boost the perceived helpfulness of image-based reviews. This outcome supports hypothesis H4b, asserting that congruence between high star ratings and visual content in the image reviews element enhances perceived helpfulness. However, the interaction between video duration and review rating (SRating × Dvideo) is insignificant, suggesting that video-based reviews’ impact on helpfulness is not moderated by review ratings. This finding contradicts hypothesis H4c, which posits that high star ratings aligned with comprehensive, congruent video content would increase the perceived helpfulness of video reviews.



Our final model emphasizes several crucial insights. Textual reviews enhance perceived helpfulness initially, but their effectiveness diminishes with length, confirming an inverted U-shaped relationship. Similarly, video reviews are more helpful only after surpassing a certain duration, whereas additional images do not necessarily increase helpfulness. These results indicate that excessive information can cause cognitive overload, reducing the utility of reviews. Thus, our findings emphasize the need to balance content richness and cognitive load in online reviews. Moreover, product types significantly moderate the impact of review elements on perceived helpfulness. Experience products consistently benefit from detailed information across all review formats, while search products do not. Additionally, we identify significant interaction effects between star ratings and review elements, with higher star ratings amplifying the helpfulness of text- and image-based reviews. However, this effect is not observed in video reviews. These insights underscore the nuanced roles of review content and product types in shaping consumer perceptions.




5.2. Robustness Checks


To test the robustness of our results, we perform some additional analyses using different model specifications and measurement methods. We report the main findings of these analyses in Table 5 and discuss them below.



First, we incorporate the interaction term between response to reviews and product types, inspired by Cui and Wang [22], who suggested that product types may moderate the effect of review responses. The regression results (Model 6) show that the interaction term (RResponse × PType) has a significant positive effect on review helpfulness (  β = 0.4568665  ,   p < 0.01  ). This indicates that the impact of response count on review helpfulness differs by product type. Specifically, for apparel and beauty products, more responses are associated with higher helpfulness, while for electronics, more responses are associated with lower helpfulness. This may be explained by the fact that the number of responses may signal the expertise and credibility of the reviewers, especially for experiential products. The coefficients of other variables remain relatively stable in Model 6, confirming the robustness of Model 5.



Second, we replace the PType variable with six dummy variables for the specific product categories, to analyze the differences in the helpfulness of reviews among different product categories in more detail (Model 7). We find that the coefficients of DVideo and DVideo2 changed in direction or significance, while the coefficients of other variables remained relatively stable. The results are also consistent with our final model, confirming the robustness of our final model.



Third, to further validate the robustness of our findings, we conducted an additional analysis using the number of likes for each review as a more granular measure of review helpfulness (Model 8). We employed an ordered logistic regression approach to model the ordinal structure of the number of likes, which can range from low to high values [61,62]. This approach estimates a series of threshold parameters that represent the boundaries between adjacent levels of the outcome variable. It also assumes that there is a continuous latent variable whose mapping to the observed ordered categories is determined by these thresholds. The ordered logistic model accounts for the inherent ranking information in the like counts and allows us to interpret the effect of predictors on incremental changes in the helpfulness level, as reflected by obtaining additional likes. However, comparing the model fit indicators reveals that this approach has poorer explanatory power than the final model. The AIC of Model 8 is substantially higher than that of Model 5 (6494.367 vs. 13,315.79), and the log-likelihood of Model 8 is markedly lower than that of Model 5 (−3229.1835 vs.−6566.896). Moreover, the significance and directionality of all predictor variables except NImage and PType × RLength remain largely consistent with Model 5, lending support to the stability of our findings.





6. Discussion


6.1. Impact of Image Quantity on Other Content Elements


In this part of our study, we extend our exploration to the domain of online review helpfulness, with a focus on the role of image quantity within the mix of text and video reviews. This examination is critical for delineating the nuanced impact of various review content elements on information overload in an online retail context.



Using Model 5, we integrated a novel perspective by considering the lengths of text and video duration as potential moderators influencing the impact of image quantity. Through a rigorous application of multilevel logistic regression analysis, we sought to uncover the intricate interplay among these multifaceted review elements. The results are summarized in Table 6. The regression results (Model 9) show that both Length × NImage and DVideo × NImage are significantly negative. When we include RResponse × PType again in the model (Model 10), the two interaction terms are still significantly negative, while the coefficients of other variables remain relatively stable. This implies that adding more images to longer text reviews or longer video reviews may reduce their helpfulness.



The findings of this analysis revealed a pivotal and somewhat unexpected trend: the presence of text and video review elements exerted a negative moderating effect on the utility of increasing image numbers in online reviews. Specifically, we observe that in situations where reviews already contained extensive text or detailed video content, the addition of more images did not necessarily enhance the review’s usefulness. On the contrary, this could lead to a state of information overload. This outcome suggests that when substantial information is already provided through text and video, the incorporation of additional images might not only be superfluous but could also distract consumers, thereby impeding their ability to distill valuable information from the review. While previous research has suggested that images can mitigate the negative effects of improper text length in reviews (Zinko et al. [21]), our analysis reveals a more nuanced picture. We find that when reviews already contain extensive textual or video content, the addition of more images may not necessarily enhance the review’s usefulness and could even contribute to information overload. This apparent discrepancy in findings can be mainly attributed to the factors that the impact of images on review helpfulness likely depends on the overall information load of reviews. As Zinko et al. [21] note, images can serve as a useful supplement when textual information is insufficient. However, our study suggests that there may be a tipping point beyond which additional images become counterproductive, particularly when the review already contains a wealth of information in the form of text and video.



These insights bear significant implications for designing and managing online retail platforms’ review systems. They underscore the necessity for a delicate balance between the quantity and quality of varied information presentation formats. For instance, in reviews that are already rich in textual and video content, the encouragement to upload numerous images might be redundant. In contrast, for reviews with brief texts and no video content, the inclusion of a moderate number of high-quality images might be more beneficial in enhancing the richness and usefulness of the information presented.



Furthermore, this study highlights that the effectiveness of a review is not solely dependent on the quantity of information it contains but also significantly on the type of information and the consumers’ capacity to process this information. In an environment where multiple types of reviews are prevalent, consumers may prefer reviews that convey information most efficiently. This insight calls for platform designers to thoughtfully optimize the structure and content of reviews, aiming to reduce redundancy and prevent information overload.



In conclusion, our research emphasizes the need for ongoing investigations, particularly in understanding the diverse information preferences across various product categories and consumer demographics. Recognizing these differences is vital for developing more personalized and effective online review systems. Our findings suggest that in contexts where text, image, and video reviews coexist, increasing the number of images does not automatically translate to enhanced review helpfulness. In fact, excessive imagery could lead to information overload, thereby diminishing the overall quality and usefulness of reviews. Accordingly, we advocate for online retail platforms to be judicious in the use of content elements, particularly when reviews already contain extensive textual or video content. By carefully curating the mix of information formats and ensuring the relevance and quality of images, retailers can help consumers navigate the wealth of available information and make more informed purchase decisions.




6.2. Impact of Presentation Formats on Review Helpfulness


In this part of our study, we venture into the intricate domain of online review systems, examining the influence of presentation formats—text, image, and video—on the perceived helpfulness of reviews in the multimodal era. This exploration is pivotal as the choice of presentation format itself represents a decision-making dilemma for consumers engaged in online shopping.



Drawing on cognitive load and dual-coding theories, our study confirms that in a context where multiple review formats are available, text reviews significantly enhance review helpfulness, while adding more visual elements does not necessarily increase review helpfulness. This finding diverges from traditional research that often compares presentation formats in isolation, typically through controlled experiments or by analyzing data that consider formats in a pairwise manner.



Our empirical analysis reveals that while textual content contributes positively to reviewing helpfulness, its benefits are subject to a threshold. Beyond this threshold, additional information contributes to cognitive overload, thereby diminishing the perceived helpfulness of the review. This suggests a nuanced approach to content review, favoring conciseness and relevance over sheer volume of information. When considering image-based reviews and video-based reviews, the hybrid presentation formats have very complex interactions on review helpfulness.



Model 4 and Model 5 of our analysis further highlight the moderating role of product type and review ratings on the helpfulness of reviews. The results of the interaction terms analysis are significant and uniform. Experience products benefit more from various review content elements than search products. The impact of product type on review helpfulness is complicated, calling for further research. The interaction between star ratings and review content also plays a significant role in shaping perceptions of helpfulness. High star ratings enhance the impact of detailed textual reviews and imagery reviews, but do not necessarily complement video reviews to the same extent. This suggests that extreme ratings have a significant interactive impact on text elements and image elements, but not on video elements. This finding complements the work of Filieri et al. [11], which showed that several review and reviewer characteristics moderate the effect of extreme ratings.



Considering these insights, we propose that online retailers and platform operators consider strategies that align with a nuanced understanding of presentation formats. Encouraging concise and informative reviews, tailoring presentation format recommendations based on product type, educating consumers on the interplay between star ratings and review content, and implementing user interface designs that facilitate easy navigation and processing of review information are all strategies that can enhance the effectiveness of review systems.



Our research underscores the importance of considering the coexistence of multiple presentation formats and their collective impact on review helpfulness. By deepening our understanding of these relationships, we can contribute to the development of more effective and user-friendly e-commerce platforms that support informed consumer choices and enhance overall satisfaction.





7. Conclusions


Our study elucidates critical insights into optimizing online review formats to enhance perceived helpfulness while mitigating cognitive overload. We confirmed an inverted U-shaped relationship for textual reviews, where increased length initially boosts helpfulness but eventually leads to cognitive overload and diminished utility. Video reviews’ effectiveness is contingent on surpassing a certain duration, emphasizing the need for adequate length to convey comprehensive information. Contrary to expectations, additional images do not significantly enhance helpfulness, highlighting that quality supersedes quantity. Our findings also reveal that product types and star ratings significantly modulate the impact of review content. Experience products benefit more from detailed reviews across all formats, while high star ratings amplify the effectiveness of text and image reviews but not videos. These findings provide a nuanced understanding of balancing content richness and cognitive load in online reviews, facilitating improved consumer decision-making and satisfaction.



7.1. Theoretical Contributions


This study makes some key theoretical contributions. First, we advance the understanding of online review systems by examining the interplay between text, image, and video elements and their joint influence on review helpfulness in authentic online shopping environments. Unlike prior studies that often consider these elements in isolation, we consider presentation formats as the combination of text, image, and video elements, and we extend the research on review presentation formats to multimodal review analysis. Our work reflects the authentic context where multiple review content elements exist simultaneously. Second, by integrating cognitive load theory and dual-coding theory into our regression models, and including a quadratic term for each presentation format (word count, image count, and video duration), we demonstrate that the inclusion of additional review content may exhibit diminishing returns and eventually contribute to information overload. Our findings reveal that certain review content elements exhibit significant interaction effects, suggesting that the relationship between review content and helpfulness is more complex than previously understood. Third, we elucidate the nuanced moderating effects of product type and star ratings in shaping the effectiveness of varied content elements. Our results show that experience products benefit more than search products from a consistent review of content elements. Additionally, we show that the alignment of star ratings with review content plays a pivotal role, where different review elements have different moderating effects on review helpfulness. Overall, our theorization and empirical examination yield a refined understanding of review systems, accounting for the complex interdependencies between presentation formats, product types, and rating mechanisms. These insights pave the way for more effective review platform design.




7.2. Practical Contributions


The findings of this study provide several actionable insights for online retailers and platform operators aiming to optimize their review systems and enhance consumer decision-making processes.



Our research underscores the importance of carefully balancing the length and richness of textual content in reviews. While consumers value detailed reviews, there is a threshold beyond which additional information can lead to cognitive overload, diminishing the perceived usefulness of the review. Platforms should guide users toward crafting detailed yet concise reviews. This can be achieved through character or word limit recommendations, particularly for text-heavy products like electronics or mobile phones, where less voluminous content is more effective.



The utility of video reviews becomes evident only when the content exceeds a certain duration. Short videos often fail to provide sufficient information, while longer videos enhance review helpfulness. Platforms should encourage users to upload videos that are comprehensive enough to convey vital details without being unnecessarily long. Guidelines or incentives for optimal video length can help in maximizing the informative value of video reviews, especially for products where a visual demonstration is crucial, such as beauty items or gadgets.



Although the number of images in a review does not significantly enhance perceived helpfulness, the quality and relevance of images are crucial. Platforms should focus on the quality of images rather than quantity, promoting the inclusion of high-resolution, relevant images that effectively showcase the product’s features. Tools that assist users in uploading clearer and more relevant images can enhance the visual appeal and credibility of reviews without contributing to information overload.



The ideal review format varies with product type and star ratings, with experience products like Chinese spirits and beauty items benefiting more from the extensive use of text, images, and videos. In contrast, search products require less elaborate reviews. Moreover, high star ratings bolster the helpfulness of text and image reviews more than lower ratings. Customizing review prompts and guidelines based on product category can help in aligning the review format with consumer expectations and needs.



In environments where text, image, and video reviews coexist, text reviews are more likely to cause information overload. Platforms can develop intelligent algorithms to identify and highlight the most informative and helpful reviews across different formats. These algorithms should consider factors such as review length, image quality, video duration, and user engagement metrics. By prominently displaying exemplary reviews, platforms can enhance the overall review consumption experience and help consumers quickly access valuable insights, improving their shopping experience and satisfaction.



Given the nuanced modulation between different review presentation formats and their associated information burdens, it is imperative for platforms to incentivize reviewers to employ the most suitable review formats. Text reviews should be encouraged for in-depth analyses, while images and videos can be promoted for demonstrating specific features or usage scenarios. Tailored incentives, such as points or badges for high-quality reviews in the preferred format, can motivate users to provide valuable and balanced content.



By understanding and leveraging these dynamics, online retailers and platform managers can significantly enhance the effectiveness and helpfulness of reviews. This approach facilitates better consumer decision-making and satisfaction, as users can more easily navigate through the wealth of available information and find the most relevant and trustworthy reviews. Ultimately, this fosters loyalty and trust in the platform, as consumers appreciate the efforts made to curate and present reviews in a manner that optimizes their shopping experience and supports their purchase decisions.




7.3. Limitations and Future Research


Despite the strengths of our study, it is not without limitations. Our research is based on data from a single online retail platform in China, which may limit the generalizability of our findings. The patterns of use and customs of internet users can vary significantly across different markets, influenced by factors such as local culture, demographics, and technological infrastructure. For instance, consumers in developed economies with higher levels of internet penetration and e-commerce adoption may exhibit distinct behaviors and preferences compared to those in emerging markets. Moreover, the design features and functionalities of online review systems can differ across platforms, shaping user interactions and perceptions. Therefore, future research could replicate this study in different cultural contexts and with data from multiple platforms to enhance the robustness and external validity of the findings. Conducting cross-cultural comparisons can provide valuable insights into how sociocultural factors moderate the effects of review content elements on perceived helpfulness. Additionally, examining data from diverse online retail platforms, such as those catering to specific product categories or geographies, can provide a more comprehensive understanding of the phenomenon.



Moreover, as online shopping environments and consumer behaviors continue to evolve, there is a need for ongoing research to explore new content elements or combinations and their effects on consumer decision-making [63]. Our study focuses on the quantity of information in reviews but does not account for the quality of the information provided. Fake reviews or spam reviews can have a significant negative impact on review quality. With the advent of the AI-generated content (AIGC) era, a large amount of machine-generated text, image, and video information may pose new challenges to the authenticity and credibility of online reviews [64]. Future research could investigate how to effectively identify and filter out low-quality or fraudulent content, and how the presence of such content may affect consumer perceptions and behaviors.



Furthermore, there is an opportunity for future research to refine the measurement of information quantity across different review elements. Our study employs proxy variables to capture the amount of information conveyed through text, image, and video components. However, given the unique characteristics and informational properties of each content element, there may be alternative measurement approaches that more precisely capture the depth and richness of the information provided. Future studies could explore novel quantification techniques that account for the specific features and attributes of different review elements and investigate optimal information quantity for different review elements, therefore enabling a more nuanced understanding of the informational value of review elements.
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Figure 1. Research model. 
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Figure 2. Components of review elements. 
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Table 1. The key literature on online review helpfulness and information overload.
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	Reference
	Year
	Key Findings
	Gaps Identified





	Mudambi and Schuff [12]
	2010
	Review depth affects helpfulness ratings, complex dynamics between review length and perceived helpfulness level
	Did not explore multimodal content (text, images, video)



	Chevalier and Mayzlin [13]
	2006
	Online book reviews influence sales significantly
	Limited to books, not considering the mix of media elements in reviews



	Townsend and Kahn [19]
	2014
	Visual depictions can increase perceived variety but may overload and complicate decision-making
	Need to incorporate mixed media elements beyond visual and verbal formats



	Xu et al. [8]
	2015
	The presentation format and product type significantly affect the impact of reviews on purchase intention
	Need for exploring other combinations of review content elements in real-world settings



	Zinko et al. [21]
	2020
	Images in reviews can balance out the effects of lengthy textual content
	Did not fully explore video or interactive elements in reviews



	Cui and Wang [22]
	2022
	Presentation format affects review helpfulness influenced by word count and response count
	Need for exploring the authentic context of online shopping environments where hybrid review elements coexist and interact



	Ceylan et al. [23]
	2024
	Greater similarity between review text and photos increases review helpfulness due to ease of processing
	Did not explore the effect of video or interactive elements in reviews



	Jabr and Rahman [30]
	2022
	Top reviews play a crucial role in mitigating information overload, with effectiveness varying by review volume, parsimony, concordance, and product popularity
	Did not specifically address the impact of multimedia elements (images, videos) in online review helpfulness



	Furner and Zinko [31]
	2017
	Information overload negatively affects trust and purchase intentions in online product reviews
	Did not explore the impact of various multimedia elements (like images or videos) in reviews










 





Table 2. Products Details.
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Review Type

	
Experience Product

	
Search Product

	




	
SK-II [New Year Coupon] Star Luxury Skincare Experience Set

	
Wuliangye 8th Generation 52 Degrees Strong Aroma Chinese Spirit

	
He Feng Yu Men’s Perfume Gift Box

	
Huawei HUAWEI P40 (5G) 8G+128G

	
Canon PowerShotG7

	
Lenovo Xiaoxin 16 2023 Ultra-thin 16, i5-13500H 16G 512G Standard Edition IPS Full Screen

	
Total






	
Textual elements

	
1615

	
982

	
2459

	
1089

	
1450

	
1098

	
8693




	
Imagery elements

	
993

	
710

	
1057

	
850

	
910

	
1025

	
5545




	
Video elements

	
28

	
20

	
228

	
311

	
38

	
409

	
1034











 





Table 3. Summary statistics.
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	Variable
	Mean
	S.D.
	Min
	Max





	RLength
	62.02519
	51.28203
	0
	500



	NImage
	2.017255
	1.999983
	0
	9



	DVideo
	1.158089
	3.309312
	0
	15



	PType
	0.5816174
	0.493322
	0
	1



	SRating
	3.817554
	1.660865
	1
	5



	RResponse
	0.8141033
	1.969498
	0
	96










 





Table 4. Main meglm regression results.
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Variable

	
Model 1

	
Model 2

	
Model 3

	
Model 4

	
Model 5




	
Baseline Model

	
Effects of Three Types of Reviews

	
Quadratic Terms of Three Types of Reviews

	
Interaction Terms of Product Types and Three Types of Reviews

	
Interaction Terms of Star Ratings and Three Types of Reviews






	
   SRating   

	
−0.0094512 (0.0353704)

	
−0.5604907 *** (0.0461091)

	
−0.5148615 *** (0.0508109)

	
−0.5857195 *** (0.0519262)

	
−0.4930427 *** (0.0656872)




	
PType

	
−0.374899 (0.668288)

	
−0.1652225 (0.8420286)

	
−0.1223541 (0.8428844)

	
−0.37136 (0.7070186)

	
−0.4278527 (0.7197488)




	
RResponse

	
1.14453 *** (0.0747517)

	
1.034944 *** (0.0794695)

	
1.04114 *** (0.0798164)

	
1.17875 *** (0.0832794)

	
1.183912 *** (0.0836325)




	
RLength

	
-

	
0.2520958 *** (0.0321143)

	
0.5600407 *** (0.0767043)

	
0.4586954 *** (0.0859834)

	
0.4747597 *** (0.0836756)




	
NImage

	
-

	
0.6736385 *** (0.0431683)

	
0.3077441 *** (0.1127373)

	
0.1773168 (0.1170098)

	
0.1779609 (0.1182195)




	
DVideo

	
-

	
0.2474221 *** (0.032336)

	
0.2244095 *** (0.0355803)

	
−0.1295235 ** (0.0540558)

	
−0.1634889 ** (0.0665812)




	
        RLength    2     

	
-

	
-

	
−0.3179691 *** (0.0732998)

	
−0.2828878 *** (0.0741595)

	
−0.3036335 *** (0.0718357)




	
     NImage   2     

	
-

	
-

	
0.287492 *** (0.0920753)

	
0.2015993 ** (0.0907878)

	
0.1133691 (0.0984913)




	
     DVideo   2     

	
-

	
-

	
0.0686756 * (0.0354769)

	
0.1198493 *** (0.036711)

	
0.1194758 *** (0.0368086)




	
PType × RLength

	
-

	
-

	
-

	
0.1725752 *** (0.0664521)

	
0.1962015 *** (0.0649207)




	
PType × NImage

	
-

	
-

	
-

	
0.3376643 *** (0.0708082)

	
0.3732293 *** (0.0714518)




	
PType × DVideo

	
-

	
-

	
-

	
0.704002 *** (0.0708605)

	
0.7325866 *** (0.0718867)




	
SRating × RLength

	
-

	
-

	
-

	
-

	
0.1185116 *** (0.0306011)




	
SRating × NImage

	
-

	
-

	
-

	
-

	
0.1526409 ** (0.0685903)




	
SRating × DVideo

	
-

	
-

	
-

	
-

	
0.0299873 (0.0610099)




	
Intercept

	
−1.352547 *** (0.4727249)

	
−1.587855 *** (0.5957433)

	
−1.61709 *** (0.5963793)

	
−1.344825 *** (0.5002534)

	
−1.456717 *** (0.5108506)




	
Category-specific random effects

	
✓

	
✓

	
✓

	
✓

	
✓




	
Product-type-specific random effects

	
✓

	
✓

	
✓

	
✓

	
✓




	
Observations

	
8693

	
8693

	
8693

	
8693

	
8693




	
AIC

	
7293.222

	
6733.375

	
6709.319

	
6510.865

	
6494.367




	
Log-likelihood

	
−3640.611

	
−3357.688

	
−3334.8877

	
−3239.7858

	
−3229.1835








Note: ***, **, and * represent the significance levels of 1%, 5%, and 10%, respectively.The checkmarks (✓) denote the inclusion of the corresponding random effects terms at the product category and product type levels, allowing the intercept to vary randomly across these levels to account for heterogeneity in review helpfulness votes. The same notation is used consistently in all tables.













 





Table 5. Meglm regression for robustness checks.
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Variable

	
Model 6

	
Model 7

	
Model 8




	
Interaction Term of Response and Product Type

	
Dummy Product Categories

	
Ordered Logistic Regression






	
   SRating   

	
−0.480597 ***

(0.0652739)

	
−0.4588905 *** (0.0661166)

	
−0.5965664 *** (0.0551167)




	
PType

	
−0.4164621

(0.7217275)

	
−0.2068887 (0.2341358)

	
−0.6700705 (0.8038127)




	
RResponse

	
1.001158 ***

(0.1003105)

	
1.058021 *** (0.0810086)

	
0.7270809 *** (0.0413358)




	
RLength

	
0.4953353 ***

(0.0839767)

	
0.8273235 *** (0.1191163)

	
0.5629864 *** (0.0757548)




	
NImage

	
0.1836417

(0.1176959)

	
0.1160616 (0.1346521)

	
0.3174738 *** (0.1077916)




	
DVideo

	
−0.1625694 **

(0.0661902)

	
0.7428473 *** (0.135011)

	
−0.1758015 *** (0.0588212)




	
        RLength    2     

	
−0.3162264 ***

(0.0720411)

	
−0.3468706 *** (0.0749603)

	
−0.3038904 *** (0.0650162)




	
     NImage   2     

	
0.0939385

(0.0981905)

	
0.1825292 (0.1034378)

	
0.0664214 (0.0845221)




	
     DVideo   2     

	
0.1194046 ***

(0.0367394)

	
0.0496003 (0.0359453)

	
0.1183577 *** (0.0358613)




	
PType × RLength

	
0.1974928 ***

(0.0649661)

	
−0.0740211 *** (0.023857)

	
0.0369258 (0.060756)




	
PType × NImage

	
0.4266552 ***

(0.0738749)

	
0.0699344 *** (0.025906)