
Is a picture worth a thousand words? The impacts of review photo sentiment using deep 1 
learning algorithms 2 

3 
4 

Hengyun Li, Ph.D. 5 
School of Hotel and Tourism Management, 6 

The Hong Kong Polytechnic University,  7 
Hong Kong SAR, China 8 

Email: neilhengyun.li@polyu.edu.hk 9 
10 

Haipeng Ji* 11 
School of Hotel and Tourism Management, 12 

The Hong Kong Polytechnic University,  13 
Hong Kong SAR, China 14 

Email: haipeng.ji@polyu.edu.hk 15 
Telephone: +852 3400-2243; Fax: +852 2362-9362 16 

* Corresponding Author17 
18 

Hongbo Liu, Ph.D.19 
School of Hospitality & Tourism Management, 20 

University of Surrey, 21 
Guildford, Surrey, GU2 7XH, UK 22 
E-mail: hongbo.liu@surrey.ac.uk23 

24 
Danting Cai 25 

School of Hotel and Tourism Management, 26 
The Hong Kong Polytechnic University,  27 

Hong Kong SAR, China 28 
Email: danting.cai@connect.polyu.hk 29 

30 
31 

Huicai Gao 32 
School of Hotel and Tourism Management, 33 

The Hong Kong Polytechnic University,  34 
Hong Kong SAR, China 35 

Email: huicai.gao@connect.polyu.hk 36 
37 
38 
39 
40 
41 
42 

The following publication Li, H., Ji, H., Liu, H., Cai, D., & Gao, H. (2022). Is a picture worth a thousand words? Understanding the role of  
review photo sentiment and text-photo sentiment disparity using deep learning algorithms. Tourism Management, 92, 104559 is available 
at https://doi.org/10.1016/j.tourman.2022.104559.

This is the Pre-Published Version.

© 2022. This manuscript version is made available under the CC-BY-NC-ND 4.0 license http://creativecommons.org/licenses/by-nc-nd/4.0/

mailto:neilhengyun.li@polyu.edu.hk
mailto:haipeng.ji@polyu.edu.hk
mailto:hongbo.liu@surrey.ac.uk
mailto:danting.cai@connect.polyu.hk
mailto:huicai.gao@connect.polyu.hk


Declaration of competing interest 43 
None 44 
 45 
Acknowledgments 46 

• The authors acknowledge the support of research funds from the National Natural 47 
Science Foundation of China (71902169) and The Hong Kong Polytechnic University 48 
Departmental General Research Fund (Project No. G-UALR). 49 

 50 

 51 

This is an Accepted Manuscript of an article published by Elsevier in Tourism Management 52 

in 2022. Available online: https://doi.org/10.1016/j.tourman.2022.104559 53 

 54 

 55 

 56 

 57 

 58 

 59 

 60 

 61 

 62 

 63 

 64 

 65 

 66 

 67 

 68 

 69 

 70 

 71 

 72 

 73 

 74 

 75 

 76 

 77 

https://doi.org/10.1016/j.tourman.2022.104559


Is a picture worth a thousand words? Understanding the role of review photo sentiment 78 

and photo-text sentiment disparity using deep learning algorithms 79 
 80 
 Abstract: Images have become integral to consumers’ sharing of consumption experiences 81 
due to their abilities of carrying rich and vivid information. This study investigates the impacts 82 
of restaurant review photo sentiment on customers’ perceived review usefulness and enjoyment 83 
using deep learning and econometric model analysis. The results indicate that (1) reviews with 84 
photos are more useful and enjoyable than reviews without photos; (2) a U-shaped relationship 85 
exists between review photo sentiment and review usefulness, with the effect of review photo 86 
sentiment on review enjoyment being positive and linear. Moreover, the effects can be 87 
strengthened by the number of review photos while weakened by the text-photo sentiment 88 
disparity. The above findings are reinforced by a sample of restaurant online reviews written 89 
by tourists in Las Vegas. This study contributes to the electronic word-of-mouth literature as 90 
well as to the application of machine learning technologies in computer vision to tourism and 91 
hospitality research. 92 
 93 
Keywords: Photo sentiment; text–photo sentiment disparity; photo number; review usefulness; 94 
review enjoyment; deep learning 95 

 

 

 



1. Introduction 96 

Studies have demonstrated that user-generated content (UGC) contributes substantially to 97 

ongoing growth in tourism consumption, including destinations, hotels, and restaurants. UGC 98 

plays a particularly vital role in reducing search efforts and mitigating risk, given the myriad 99 

uncertainties of tourism and hospitality products (Bigne et al., 2020; Lu et al., 2020; Ray & 100 

Bala, 2021; Zhang et al., 2020). According to Stackla (2021a, 2021b), 92% of consumers trust 101 

UGC, 83% of travelers derive travel inspiration from such content, and 79% of people perceive 102 

UGC as offering a closer look at products to inform purchase decisions. Among an array of 103 

user-generated information, visual content (e.g., photos) can easily capture users’ attention 104 

thanks to its vividness and visual appeal (Aydin, 2020; Bigne et al., 2020; Geise & Baden, 2015; 105 

Guan et al., 2019). For example, Facebook posts containing photos receive 37% more 106 

engagement than those featuring only text (Bullas, 2017). McGrath (2017) further contended 107 

that the human brain processes visual content more quickly than text. This distinction makes 108 

photos even more important in today’s age of information overload, when consumers can 109 

become overwhelmed by the volume of sensory input available on social media. 110 

In the past few years, advances in technology and mobile devices have boosted the number of 111 

user-generated photos (UGPs). Visual content has become an integral part of consumers’ 112 

experience sharing; more than 576 million travel-related photos have been posted on Instagram 113 

to date (Instagram, 2021; Stackla, 2021a). Images provide greater informational, aesthetic, and 114 

self-enhancement value than textual content (Li & Xie, 2020). When customers include visual 115 



content in their online reviews, the authenticity and trustworthiness of these reviews improve. 116 

Customer reviews featuring photos also tend to be considered more helpful than text-only 117 

reviews (Ma et al., 2018): nearly two-thirds (65%) of consumers are more likely to trust 118 

products whose customer reviews contain photos or videos (PowerReviews, 2017). Given the 119 

importance of UGPs, it is necessary to understand the role of visual content included in reviews. 120 

Recent years have witnessed an expanding but limited number of studies on UGPs in marketing, 121 

tourism, and hospitality. Most research on online reviews or UGCs has focused on textual 122 

content despite the key role of visual content. This disparity may be partly due to the technical 123 

and methodological challenges of analyzing scalable visual content (An et al., 2020; Ma et al., 124 

2018). Among the relatively thin body of work on UGPs, Oliveira and Casais (2019) explored 125 

the effects of UGPs’ content characteristics (i.e., photos showcasing food or a restaurant’s 126 

physical environment) on consumers’ restaurant selection; Li and Xie (2020) explored the 127 

effects of mere image presence and image characteristics (i.e., colorfulness, source, image 128 

quality, human faces, and facial emotions) on consumer engagement; and Cai and Chi (2020) 129 

and Marder et al. (2021) investigated the impacts of posted photos’ aesthetics and color on 130 

consumers’ willingness to dine/buy. However, scholars have largely ignored photo sentiment 131 

and its effects, which are essential to understanding consumers’ insight, emotions, and 132 

expectations (Bigne et al., 2020; Chua & Banerjee, 2016; Geetha et al., 2017; Siering et al., 133 

2018)—especially for experiential products in tourism and hospitality. In addition, although 134 

many researchers have analyzed review text sentiment to uncover customers’ opinions and 135 



emotions (Alaei et al., 2019; Li et al., 2019; Ma et al., 2018), none appear to have investigated 136 

review text–photo sentiment disparity (i.e., the interaction or congruence between review text 137 

and review photo) and its impacts. Furthermore, most related work has pertained to the 138 

utilitarian value of online reviews, often review usefulness as evidenced by “useful” or “helpful” 139 

votes (An et al., 2020; Cheng & Ho, 2015; Lee, 2018; Ma et al., 2018). Few studies have 140 

assessed the hedonic value of reviews (Ham et al., 2019) as evaluated via “enjoyment” votes 141 

(Liu & Park, 2015).   142 

To address the above research gaps, this study aims to investigate the impacts of UGPs in online 143 

reviews with the evidence from Las Vegas restaurants. Both the entire restaurant online review 144 

sample and the tourist online review sample (i.e., restaurant reviews written by tourists) were 145 

used for analysis. First, we examine whether reviews with photo(s) contribute to review 146 

usefulness and enjoyment. Second, using a deep learning algorithm, we calculate review photo 147 

sentiment and explore its impacts on review usefulness and enjoyment. Lastly, the boundary 148 

effects of review photo sentiment are tested by considering the moderating effects of the 149 

number of photos in a review (i.e., the richness of reviews’ visual content) and review text–150 

photo sentiment disparity. This study contributes to the literature in several ways. First, it 151 

represents an initial attempt to reveal the role of review photo sentiment by adopting a deep 152 

learning method and econometric modeling with big data. Second, this study enriches research 153 

related to UGC by revealing the utilitarian and hedonic value of UGPs. Third, our study 154 

expands the literature by uncovering the boundary effects of review photo sentiment with two 155 



moderators, namely the number of photos and review text–photo sentiment disparity. Fourth, 156 

this study is one of the first to investigate textual and visual content interaction in online 157 

reviews. 158 

2. Literature Review  159 

Consumer-generated photos play a prominent role in consumers’ judgements and decisions 160 

related to online reviews. A large volume of online reviews can lead to information overload 161 

and impede information processing. The elaboration likelihood model (Petty & Cacioppo, 1986) 162 

asserts that a large amount of information causes consumers to rely on peripheral cues, such as 163 

images and affect, to facilitate information processing and decisions (Li et al., 2020). Photos 164 

are more vivid, attention-grabbing, and easier to comprehend (Aydin, 2020; Guan et al., 2019). 165 

This type of information can potentially serve as peripheral cues to reduce the complexity of 166 

information processing. Despite this important role, UGPs have been largely overlooked within 167 

the literature on online reviews. The advancement of image analytic techniques such as deep 168 

learning has sparked a growing body of research on UGPs in online reviews. Scholars have 169 

reported that UGPs generally improve online review helpfulness (An et al., 2020; Cheng & Ho, 170 

2015; Lee, 2018; Ma et al., 2018). This effect is more pronounced for negative online reviews, 171 

lower-priced hotels, and when photos convey content relevant to review text (An et al., 2020; 172 

Li et al., 2021). However, contradictory findings regarding the roles of review photos on review 173 

helpfulness have also been reported. Hlee et al. (2021) documented a negative relationship 174 

between the number of review photos and restaurant online review helpfulness, and Lee (2018) 175 



failed to find a significant relationship between the number of review photos and review 176 

helpfulness in restaurants. More empirical research is needed to disentangle these conflicting 177 

results. Other pictorial features (e.g., photo sentiment) and moderators, such as the congruence 178 

between review text sentiment and photo sentiment, should be considered to fully understand 179 

UGPs’ influence on review helpfulness.  180 

Denoted by online reviews’ number of “helpful” votes, review helpfulness represents online 181 

reviews’ overall quality and informativeness (Lee & Choeh, 2020; Ma et al., 2018). It helps 182 

build trust towards the online reviews and facilitates information processing, especially when 183 

the information load is high (Choi & Leon, 2020). The number of “helpful” votes can help 184 

consumers quickly identify the most trustworthy and useful information among the large 185 

volume of online reviews, and consumers then rely on such reviews to make purchase decisions. 186 

Therefore, review helpfulness promotes adoption of the information and suggests the 187 

persuasion effect of online reviews (Li et al., 2020). Many empirical studies provided support 188 

for the persuasion effects of review helpfulness. For example, Lopez and Garza (2021) and 189 

Filieri et al. (2018) found that review helpfulness positively predicts product purchase intention. 190 

Lee and Choeh (2018) and Topaloglu and Dass (2021) revealed that when the online reviews 191 

are deemed helpful, online review features such as number of reviews, review length and 192 

review content have a stronger influence on box office sales. 193 

Online reviews have both utilitarian (information) value and hedonic value (Ham et al., 2019). 194 

Hedonic value focuses on an object’s “fun” and “playfulness” (Babin et al., 1994). Along with 195 



utilitarian value, it is a fundamental dimension of overall perceived value (Babin et al., 1994; 196 

Sánchez-Fernández & Iniesta-Bonillo, 2007). To capture the hedonic value of online reviews, 197 

Yelp.com released a feature enabling users to assign reviews “funny” and “cool” votes. These 198 

two aspects reflect consumers’ perceived enjoyment when reading online reviews (Liu & Park, 199 

2015). Perceived enjoyment plays a core mediating role between stimuli and behavioral 200 

intentions (So et al., 2020). Perceived enjoyment of online reviews could enhance the adoption 201 

of online reviews, and the role of review enjoyment can be more prominent for hedonic 202 

products like restaurants. In information search, consumers not only have functional needs (i.e. 203 

seeking helpful information), but also have hedonic needs, like need for enjoyment, 204 

entertainment and novelty (Vogt & Fesenmaier, 1998). The hedonic aspects of information 205 

hence also play an important role in information adoption, and even a more important role for 206 

consumers with hedonic needs (Hlee et al., 2019; Park & Nicolau, 2015).  Therefore, review 207 

enjoyment is of critical importance for online review adoption and purchase decisions in 208 

restaurant context.  Additionally,  review enjoyment helps increase consumer engagement with 209 

online reviews, thereby enhancing online reviews’ adoption and persuasiveness (Park & 210 

Nicolau, 2015).  211 

Thus far, most studies have focused on the utilitarian value of online reviews (i.e., review 212 

helpfulness); only a few have explored the hedonic value of online reviews (i.e., review 213 

enjoyment) (Li et al., 2019). Related research has shown that review enjoyment is positively 214 

related to review helpfulness (Liu & Park, 2015; Yang et al., 2017) and can be predicted by 215 



review length, review rating, the number of photos, reviewer expertise, and the explanatory 216 

and sensory cues in review text (Hlee et al., 2019; Li et al., 2019; Park & Nicolau, 2015; Yang 217 

et al., 2017). The number of photos has been identified as a significant predictor of review 218 

enjoyment (Yang et al., 2017). Yet the effects of UGPs and other pictorial features, such as 219 

photo sentiment and the interaction between review text and photos, have not been fully 220 

addressed. The present study hence explores the impacts of review photo sentiment on review 221 

helpfulness and review enjoyment and how these effects depend on the number of review 222 

photos and the congruence between review text sentiment and photo sentiment.        223 

2.1 Presence effects of user-generated photos on review helpfulness and enjoyment  224 

Including consumer-generated photos in online reviews improves review helpfulness in several 225 

ways. First, UGPs provide information to supplement review text, thus enhancing online 226 

reviews’ information richness (Cheng & Ho, 2015). Second, according to the dual coding 227 

theory (Paivio, 1990), visual information is processed distinctively from verbal information. 228 

The former is more easily encoded and retrieved and is therefore simpler to comprehend than 229 

text. As such, images can facilitate the understanding of corresponding textual information 230 

(Glenberg & Langston, 1992). Review photos can thus improve one’s understanding and 231 

interpretation of relevant review text (Li et al., 2021). Third, consumer-generated photos 232 

provide visual proof of textual content and promote online reviews’ trustworthiness and 233 

persuasiveness (Filieri, 2016; Ma et al., 2018). Consumer-generated photos accordingly 234 

complement textual content in predicting review helpfulness (Ma et al., 2018). Several studies 235 



have provided empirical support for the positive effects of review photos on review helpfulness 236 

(An et al., 2020; Bigne et al., 2020; Cheng & Ho, 2015; Li et al., 2021; Ma et al., 2018; Yang 237 

et al., 2017). 238 

Consumer-generated photos could also elevate fellow customers’ enjoyment when reading 239 

online reviews. Images are naturally more attention-grabbing and engaging than text, as 240 

pictures are distinct and offer rich information via diverse content and sensory stimuli, 241 

including color, shape, and size (Li & Xie, 2020). Including photos in online reviews can make 242 

for more interesting reading versus text-only reviews. Additionally, sensory cues are commonly 243 

used in marketing to shape consumers’ emotions, attitudes, and behavior (Krishna, 2012). 244 

Images, as sensory stimuli, can evoke affective responses and aesthetic experiences that are 245 

tied to enjoyment when reading online reviews (Hlee et al., 2019; Yang et al., 2017). Review 246 

photos also contain various sensory cues about the focal products and environment, such as 247 

lighting, color, shape, and texture; these cues reportedly contribute to review enjoyment (Li et 248 

al., 2019). The number of photos showcasing the physical environment, food, and beverages 249 

in restaurants’ online reviews is positively associated with review enjoyment as well (Yang et 250 

al., 2017). In line with this discussion, we propose the following hypotheses: 251 

H1a: Online reviews containing photos have a positive effect on review usefulness. 252 

H1b: Online reviews containing photos have a positive effect on review enjoyment. 253 

 254 

2.2 Impact of review photo sentiment on review helpfulness and enjoyment 255 



Sentiment refers to individuals’ opinions, attitudes, or judgements that are prompted by feelings 256 

(Fang & Zhan, 2015). Sentiment captures the valence of an opinion, falling along a continuum 257 

that ranges from negative to neutral to positive (Ma et al., 2018). Sentiment reflects subjective 258 

feelings rather than facts through sentimental words such as “great,” “love,” “bad,” and “hate” 259 

(Li et al., 2018; Ma et al., 2018). Sentiment has been widely used to understand customers’ 260 

opinions and emotions expressed in online review text (Bigne et al., 2020; Chua & Banerjee, 261 

2016; Geetha et al., 2017; Kuan & Hui, 2015; Siering et al., 2018). Many studies on customer 262 

sentiment have focused on textual data, such as online review text and text-based posts or 263 

comments on social media (e.g., Twitter) (Alaei et al., 2019; Ma et al., 2018). However, visual 264 

information (e.g., photos and videos) also conveys opinions and sentiment (Campos et al., 2015; 265 

Deng & Li, 2018). In addition to text, consumers use photos to demonstrate their consumption 266 

experiences—whether positive or negative—in online reviews. Photos can help consumers 267 

express emotions and sentiment through visual features (e.g., color temperature and brightness), 268 

human actions or expressions (e.g., smiling or crying), and the meanings and features of objects 269 

in photos (e.g., flowers or animals) (Wang, 2018). Depending on the valence of photo content 270 

and visual features, photo sentiment also falls on a spectrum from negative to positive. Photo 271 

sentiment could be an important factor that influences fellow customers’ perceptions and 272 

judgements about online reviews but has been largely overlooked in the extant literature.   273 

Customer sentiment, no matter positive or negative, could positively influence review 274 

helpfulness by reducing individuals’ perceived uncertainty and ambiguity when evaluating 275 



products or services (Bigne et al., 2020; Chua & Banerjee, 2016; Siering et al., 2018). On the 276 

contrary, neutral sentiment can adversely affect review helpfulness due to a lack of clear 277 

opinions. Negatively valenced online reviews, which either feature low review ratings or 278 

negative emotional content, have been deemed more helpful than neutral or positive online 279 

reviews due to the negativity bias effect (Rozin & Royzman, 2001). Specifically, negative 280 

information is more influential than positive information (Li et al., 2020; Wu, 2013). Positive 281 

emotional content expressed in review text has been reported to negatively affect online review 282 

helpfulness due to subjectivity or trustworthiness concerns (Li et al., 2020). However, positive 283 

photo sentiment may have a different impact on review helpfulness, as photos are more 284 

objective than the emotions and sentiment expressed in review text. Photos displaying positive 285 

sentiment could provide visual proof of corresponding review text and hence amplify review 286 

helpfulness. Accordingly, we posit that a non-linear relationship exists between photo 287 

sentiment and review helpfulness such that reviews featuring negative and positive photo 288 

sentiment may be more helpful than those with neutral sentiment.   289 

Photos can also elicit affective responses. In psychological research on emotion elicitation, 290 

photos classified as having positive or negative valence per the International Affective Picture 291 

System (Lang et al., 1999) can successfully elicit corresponding emotional responses (Ito et al., 292 

1998; Uhrig et al., 2016). As such, photos with positive sentiment can elicit positive emotions 293 

while those with negative sentiment can elicit negative emotions among viewers. Review 294 

photos can also stimulate mental imagery, which involves a mental visualization of the 295 



consumption experience depicted in the photos (Yang et al., 2017; Yoo & Kim, 2014). Photos 296 

with positive sentiment are therefore likely to stimulate imagery of positive and pleasant 297 

consumption experiences, whereas photos with negative sentiment are likely to evoke imagery 298 

of negative and unpleasant consumption experiences. We thus suggest that photo sentiment 299 

could positively influence review enjoyment as postulated below: 300 

H2a: A U-shaped relationship exists between review photo sentiment and review 301 

usefulness. Specifically, reviews with extremely negative or positive photo sentiment are 302 

more likely to be perceived as helpful than reviews with moderate photo sentiment.  303 

H2b: Online review photo sentiment has a linear effect on review enjoyment. Specifically, 304 

with review photo sentiment becoming more positive, the review is perceived as more 305 

enjoyable; while with review photo sentiment becoming more negative, the review is 306 

perceived as less enjoyable.    307 

 308 

2.3 Moderating effect of number of review photos  309 

The number of UGPs conveys content richness and can add to online reviews’ 310 

comprehensiveness and intrigue while presenting sensory and aesthetic cues (Cheng & Ho, 311 

2015; Hlee et al., 2019; Yang et al., 2017). The number of review photos has been found to 312 

positively affect review helpfulness and enjoyment (Cheng & Ho, 2015; Hlee et al., 2019; Yang 313 

et al., 2017). The number of review photos can also influence review helpfulness and 314 

enjoyment by strengthening the impacts of photo sentiment on these two attributes. This 315 



moderating effect could be explained by cue summation theory (Severin, 1967), which suggests 316 

that an increase in the number of relevant information cues (either from different modalities or 317 

different cues from the same modality) can enhance learning and understanding (Dwyer, 1978; 318 

Severin, 1967). In online reviews, the number of relevant information cues grows along with 319 

the number of review photos, resulting in greater understanding of the core message conveyed 320 

through the review photos (Ghasemaghaei et al., 2018). 321 

As the number of review photos increases, a larger amount of information is available for 322 

fellow customers to judge the photos’ sentiment (negative, neutral, or positive), and this helps 323 

enhance their understanding of photo sentiment and reinforces certainty in their judgement of 324 

such sentiment. Moreover, a higher number of review photos and relevant information cues 325 

could intensify photo sentiment, whether positive or negative. These processes indicate that 326 

increasing the number of review photos could alleviate uncertainty when evaluating 327 

consumption experiences to foster perceived review helpfulness when the photos convey 328 

positive or negative sentiment. In addition, a greater number of review photos can expand the 329 

quantity and diversity of imagery-evoking cues (i.e., perceptual and sensory cues in photos), 330 

which in turn evoke stronger emotional and aesthetic experiences corresponding to the photo 331 

sentiment (negative, neutral, or positive), and allow fellow customers to fully immerse 332 

themselves in the mental imagery of consumption experiences pertaining to the photo 333 

sentiment. On the basis of the above discussion, we propose the following hypotheses: 334 

H3a: The number of photos in an online review can strengthen the curvilinear effect of 335 



review photo sentiment on review usefulness. 336 

H3b: The number of photos in an online review can strengthen the linear effect of review 337 

photo sentiment on review enjoyment. 338 

 339 

2.4 Moderating effect of review text–photo sentiment disparity  340 

Review text and review photos can both convey sentiment. Text–photo sentiment disparity 341 

refers to the incongruence between the sentiment of review text and the sentiment of review 342 

photos. The congruence between text and images in content, meaning, or style has been widely 343 

studied in the communication and advertising literature. Scholars have reported mixed findings 344 

regarding the effects of text–image congruence: some studies have shown that text–image 345 

congruence improves learning, understanding, and message recall, fosters more favorable 346 

product attitudes, and even boosts product sales due to information fluency (Lochbuehler et al., 347 

2018; Van Rompay et al., 2010; van Rompay & Pruyn, 2008; Wang & Song, 2020). Other 348 

research has indicated that text–image incongruence can attract more attention and improve 349 

products’ memorability due to the novelty of information (Heckler & Childers, 1992; Houston 350 

et al., 1987; Lee & Mason, 1999).  351 

Within the context of online reviews, congruence between review text and review photos in 352 

content has been found to be positively associated with review helpfulness (An et al., 2020; 353 

Ma et al., 2018). An et al. (2020) explained the positive impact of text–image congruence on 354 

review helpfulness from two angles. First, the consistency in information from different 355 



sources (e.g., review text and photos) could enhance the fluency of information processing, 356 

namely the ease or difficulty with which information is processed and integrated. In other 357 

words, relevant review photos facilitate understanding and processing of review text. Second, 358 

inconsistent information from review text and photos could decrease the trustworthiness of 359 

information and vice versa.  360 

Similarly, the congruence of review text sentiment and photo sentiment could enhance 361 

information processing fluency by offering clear and consistent information about the 362 

reviewer’s sentiment and attitude towards focal products or services. By contrast, text–photo 363 

sentiment disparity leads to uncertainty and ambiguity in the reviewer’s sentiment and attitude; 364 

the effects of photo sentiment on review helpfulness could then be compromised. Uncertainty 365 

and ambiguity are often associated with negative affect such as anxiety and fear (Carleton, 366 

2016). The positive impact of photo sentiment on review enjoyment might thus be mitigated. 367 

In addition, text–photo sentiment disparity could decrease review photos’ trustworthiness due 368 

to inconsistent information, thereby weakening the effects of photo sentiment on review 369 

helpfulness and review enjoyment. Therefore, we assert that text–photo sentiment disparity 370 

plays a moderating role on the impacts of photo sentiment on review helpfulness and enjoyment 371 

as follows:               372 

H4a: Online review text–photo sentiment disparity can weaken the curvilinear effect of 373 

review photo sentiment on review usefulness. 374 

H4b: Online review text–photo sentiment disparity can weaken the linear effect of review 375 



photo sentiment on review enjoyment. 376 

Our research framework is summarized in Figure 1. 377 

 

Figure 1. Research Framework 378 



3. Research Methodology 379 

3.1 Online review data 380 

Yelp, a popular online review site in the United States, was used as the main data source in this 381 

study. Dining is an experience-oriented good, leading consumers to rely heavily on online 382 

reviews when choosing a restaurant (Li et al., 2019; Liu & Park, 2015). Our sample included 383 

300 restaurants in Las Vegas, Nevada, a famous tourism destination. Stratified sampling was 384 

adopted to eliminate the potential business heterogeneity effect. First, we divided all restaurants 385 

in Las Vegas into groups based on several characteristics, including chain/independent and 386 

closed/open. Second, according to the overall proportions of Las Vegas restaurants, we 387 

calculated how many restaurants should be sampled per group. Third, to ensure that enough 388 

reviews were included in our final sample, we chose a corresponding sample from each 389 

subgroup based on the number of restaurant reviews. Online reviews from the most reviewed 390 

restaurants in each subgroup were selected as they are more likely to have higher involvement 391 

from readers/reviewers (Chen & Lurie, 2013; Li et al., 2019). 392 

The Yelp dataset contained (1) restaurant-level data, such as each restaurant’s name, location, 393 

and other associated attributes; (2) all reviews per restaurant, including the review date, review 394 

rating, review text, review photo(s), and review usefulness and enjoyment votes; and (3) the 395 

reviewer’s information, such as their “elite” status per Yelp, registration date, and friends and 396 

followers. Review data spanned from January 2005 to February 2021, covering restaurants with 397 

different price levels, cuisines, business models, and operation statuses. We gathered 401,269 398 



reviews and 336,092 photos in total, respectively; 105,237 reviews contained photo(s) while 399 

the remaining 296,032 reviews did not.  400 

3.2 Variable measurement in research framework  401 

Review usefulness was measured by a review’s number of “useful” votes (Li et al., 2019; Liu 402 

& Park, 2015; Schuckert et al., 2015), otherwise known as review helpfulness (Pan & Zhang, 403 

2011). Review enjoyment was evaluated based on the sum of a review’s “cool” and “funny” 404 

votes (Li et al., 2019; Park & Nicolau, 2015). 405 

With/without photo(s) and number of review photos. First, we evaluated whether each review 406 

contained photo(s) (Picture). If a review contained at least one photo, the value of Picture was 407 

coded as 1 and 0 otherwise. Second, we calculated a variable counting the number of photos 408 

per review (ReviewPic). 409 

Review photo sentiment. We calculated review photo sentiment using deep learning method. 410 

When a review contains more than one photo, the average of review photo sentiments is used 411 

to represent the overall photo sentiment for a particular review. Deep learning, as a branch of 412 

machine learning methods, includes multiple processing layers in the architecture of artificial 413 

neural network (Schmidhuber, 2015). Compared with traditional machine learning methods, 414 

deep learning algorithms can extract intricate structures from a huge number of high-415 

dimensional data (LeCun et al., 2015) and have shown superior performance in visual 416 

information processing (Guo et al., 2016; Ma et al., 2018; Zhang et al., 2019). In this study, we 417 

involved a supervised learning algorithm, which is the most common form of deep learning 418 



and needs a sample of known classifications to optimize the parameters of each layer. Our 419 

framework for calculating review photo sentiment appears in Figure 2.  420 

Following Zhang and Luo (2018), a survey excluding review text and rating information was 421 

conducted to determine photo sentiment, indicating consumers’ attitudes towards the product 422 

and desire to purchase it after viewing the review photos. It would be impossible to present all 423 

photos in the survey and obtain sentiment scores for each. Instead, we randomly selected 424 

10,000 photos from our dataset and recruited 700 workers from Amazon Mechanical Turk to 425 

vote on the sampled photos. After a brief introduction, each worker was shown 300 photos on 426 

which they could vote as much as they wished. Votes indicated their attitudes towards the 427 

restaurant and willingness to dine there after viewing the review photos. Upon survey 428 

completion, each photo had received an average of 21 views and 10.02 votes. Thus, the photo 429 

sentiment value is calculated using normalization Eq. (1):  430 
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where Si ∈ [0,1] denotes the value of photo sentiment, 𝑥𝑥𝑖𝑖𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 is the number of received votes of 432 

photo i, and  𝑥𝑥𝑖𝑖𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 is the number of received views of photo i (i = 1, 2, …, 10,000). 433 



 
Figure 2. Framework for Measurement of Review Photo Sentiment 434 



To further evaluate review photo sentiment in our dataset, we referred to a popular 435 

convolutional neural network (CNN) called GoogLeNet (Szegedy et al., 2015). GoogLeNet 436 

has achieved great success in the computer vision field and benefits from the structure of 437 

Inception based on the convolution calculation and pooling layer. A picture with 224×224 438 

pixels and three channels (red, green, blue) were taken as input. Output was obtained after 439 

proceeding through GoogLeNet, including the convolutional, pooling, fully connected, and 440 

deep structure layers. This deep learning network can detect diverse photo characteristics to 441 

establish a relationship between them and photo sentiment. In this study, photo sentiment 442 

extraction produced a continuous photo sentiment value between 0 and 1 (1 denotes the most 443 

positive sentiment; 0 denotes the most negative). The last layer of GoogLeNet is softmax to 444 

generate categorical outcomes. We modified this structure so that the output would reflect the 445 

ratio of votes received to the number of views. To fine-tune model parameters, we selected a 446 

subset of photos from our original dataset with 90% taken as the training set and the remaining 447 

10% as the test set. The model achieved a 0.015 mean square error in predicting the value of 448 

photo sentiment after training. In the auto-labeling stage, the neural network conveying 449 

relationships among photos’ features and sentiment scores was applied to each photo in the full 450 

dataset. 451 

Review text–photo sentiment disparity. In this study, disparity refers to deviation between the 452 

sentiment of textual content and corresponding review photo sentiment. To analyze review text 453 

sentiment, we applied a post-training approach based on the bidirectional encoder 454 



representations from transformers (BERT) language model (Xu et al., 2019). This model is 455 

increasingly common in natural language processing tasks. As a bidirectional language model, 456 

BERT can capture long-term information dependencies; pre-training and fine-tuning greatly 457 

improve its efficiency and performance (Devlin et al., 2018). However, limited training 458 

samples are insufficient for fine-tuning the pre-trained BERT and cannot achieve optimal 459 

performance. Comparatively, Xu et al.’s (2019) post-training approach includes specific 460 

domain knowledge and task knowledge for post-training before fine-tuning, demonstrating 461 

better performance when tuning examples with limited parameters (Figure 3). We took review 462 

text as input whose output was a continuous value between 0 and 1; a higher value indicates 463 

more positive expression, similar to the output for review photo sentiment. The absolute value 464 

of the difference between review text sentiment and review photo sentiment represents the 465 

discrepancy between the two sentiment values (i.e., Disparity). Figure 3 displays the process 466 

for measuring Disparity. 467 



 

Figure 3. Framework for Measuring Review Text–photo Sentiment Disparity 468 

 469 

To exclude the effects of confounding variables, several control variables were examined from 470 

three levels. First, at the review level, we controlled for each review’s star rating; review text 471 

features, including review length and readability as measured with the Gunning-Fog Index 472 

(Gunning, 1969); and the number of days since the review was posted. Review length was 473 

calculated in Python. Review readability was estimated using TextSTAT, a text statistics 474 

calculation library based on Python. Second, at the reviewer level, we controlled for each 475 

reviewer’s Yelp status (elite vs. non-elite) and social network size (i.e., number of followers 476 



and friends). Both factors were expected to positively influence review usefulness and review 477 

enjoyment. Third, in line with the literature (Amato & Amato, 2007; Li et al., 2019), we 478 

considered business heterogeneity by including restaurant fixed effects to control business-479 

level heterogeneity. Table 1 presents the descriptive analyses of all variables. 480 

Table 1. Variable Descriptive Statistics 481 

Variable Obs. Mean Std. Dev. Skewness Min Max 

Full online review sample (with and without photos)  

Usefulness 401,269 1.125 3.890 17.013 0 235 

Enjoyment 401,269 1.273 5.843 20.820 0 416 

Picture 401,269 0.262 0.440 1.081 0 1 

Stars 401,269 4.009 1.245 -1.138 1 5 

Length 401,269 114.807 109.259 2.495 1 1009 

Readability 401,269 15.025 21.434 5498 0.4 388.71 

Date 401,269 1741.546 1063.085 0.679 0 5865 

Elite 401,269 0.207 0.405 1.448 0 1 

Friends 401,269 167.302 405.390 6.546 0 5000 

Followers 401,269 7.186 39.186 26.267 0 5818 

Online review sample with photos 

Usefulness 105,237 2.188 6.506 11.336 0 235 

Enjoyment 105,237 2.705 10.015 13.019 0 416 

SentimentPic 105,237 0.463 0.078 -0.468 0 0.933 

ReviewPic 105,237 3.194 2.870 3.067 1 50 

Disparity 105,237 0.299 0.165 -0.004 0 0.935 

Stars 105,237 4.282 0.976 -1.474 1 5 

Length 105,237 141.709 126.211 2.145 1 1008 

Readability 105,237 14.869 23.582 6.062 0.4 380.65 

Date 105,237 1445.809 892.607 0.793 0 5697 

Elite 105,237 0.368 0.482 0.545 0 1 

Friends 105,237 271.383 564.432 4.920 0 5000 

Followers 105,237 13.435 56.195 21.113 0 5818 



3.3 Model specification 482 

We applied a negative binomial 2 regression with robust standard errors to analyze count-483 

dependent variables. All skewed variables (Length, Readability, Friends, Followers, and 484 

ReviewPic) were log-transformed. We first tested the main effects of reviews with/without 485 

photo(s) on review usefulness and enjoyment based on all review samples. The specified 486 

econometric models are shown in Eqs. (2) and (3), respectively: 487 

Usefulness𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽10 + 𝛽𝛽11Picture𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽12Stars𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽13𝑙𝑙𝑙𝑙𝑙𝑙Length𝑖𝑖𝑖𝑖𝑖𝑖 488 
   + 𝛽𝛽14𝑙𝑙𝑙𝑙𝑙𝑙Readability𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽15Date𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽16Elite𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽17𝑙𝑙𝑙𝑙𝑙𝑙Friends𝑗𝑗 489 

                         + 𝛽𝛽18𝑙𝑙𝑙𝑙𝑙𝑙Followers𝑗𝑗 + ∑ λ𝑗𝑗𝐽𝐽 ∗ 𝑅𝑅𝑗𝑗 +  ε1𝑖𝑖𝑖𝑖𝑖𝑖                                                         (2) 490 

 491 

Enjoyment𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽20 + 𝛽𝛽21Picture𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽22Stars𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽23𝑙𝑙𝑙𝑙𝑙𝑙Length𝑖𝑖𝑖𝑖𝑖𝑖 492 

                           + 𝛽𝛽24𝑙𝑙𝑙𝑙𝑙𝑙Readability𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽25Date𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽26Elite𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽27𝑙𝑙𝑙𝑙𝑙𝑙Friends𝑗𝑗 493 

                          + 𝛽𝛽28𝑙𝑙𝑙𝑙𝑙𝑙Followers𝑗𝑗 + ∑ λ𝑗𝑗𝐽𝐽 ∗ 𝑅𝑅𝑗𝑗  +  ε2𝑖𝑖𝑖𝑖𝑖𝑖                                                                 (3) 494 

 495 

where i, j, and k respectively denote the review, reviewer, and restaurant. 496 

To further examine the relationships among review photo sentiment and review usefulness and 497 

enjoyment, and to test the moderating effects of the number of review photos and review text–498 

photo sentiment disparity, we proposed Eqs. (4) and (5) based on the sample of online reviews 499 

with photo(s). The specific econometric models are as follows:  500 

 

 

 



Usefulness𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛽𝛽30 + 𝛽𝛽31𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖2 + 𝛽𝛽32𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 501 

                          + 𝛽𝛽33𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑖𝑖𝑖𝑖𝑖𝑖  + 𝛽𝛽34𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽35𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 502 

                          + 𝛽𝛽36𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽37𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑎𝑎𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽38𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽39𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 503 

                          + 𝛽𝛽310𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑗𝑗 + 𝛽𝛽311𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑗𝑗 504 

                          + 𝛽𝛽312𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖2  505 

                          + 𝛽𝛽313𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 506 

                          + 𝛽𝛽314𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖2  507 

                          + 𝛽𝛽315𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 + ∑ λ𝑗𝑗𝐽𝐽 ∗ 𝑅𝑅𝑗𝑗  + ε3𝑖𝑖𝑖𝑖𝑖𝑖                               (4) 508 
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4. Empirical Results 515 

4.1 The effect of review photo(s) presence on review usefulness/enjoyment 516 

We first tested whether a review including photo(s) significantly affected review usefulness 517 

and enjoyment. Based on the 401,269 online reviews, including those with and without photos, 518 

Eqs. (2) and (3) were estimated for review usefulness and review enjoyment; results appear in 519 

Table 2. All models passed the overdispersion test, showing that negative binomial regression 520 

2 models were suitable for our main analysis. 521 

In Table 2, only control variables are included in Models 1.1 and 2.1. Models 1.2 and 2.2 522 

incorporate the variable of interest (i.e., Picture). Estimation results demonstrate that compared 523 

with reviews without photo(s), reviews with photo(s) were generally perceived as more useful 524 

(coefficient = 0.3708260, p < 0.01) and more enjoyable (coefficient = 0.4095356, p < 0.01). 525 

Therefore, Hypothesis 1a (“Online reviews containing photos have a positive effect on review 526 

usefulness”) and Hypothesis 1b (“Online reviews containing photos have a positive effect on 527 

review enjoyment”) were each supported.  528 

 

 

 

 

 

 



Table 2. Review Photo(s) Presence Effect on Review Usefulness and Enjoyment 529 
 Review Usefulness Review Enjoyment 
 Model 1.1 Model 1.2 Model 2.1 Model 2.2 
Constant -4.1013938*** -4.0087692*** -4.5603449*** -4.4680185*** 
 (-92.15) (-90.58) (-84.61) (-83.33) 
Stars -0.1098423*** -0.1293528*** -0.0443945*** -0.0649988*** 
 (-49.15) (-57.54) (-15.95) (-23.25) 
logLength 0.5980475*** 0.5643544*** 0.5610036*** 0.5238680*** 
 (157.99) (148.57) (123.26) (114.56) 
logReadability 0.0560862*** 0.0672519*** 0.0548818*** 0.0677291*** 
 (14.99) (18.05) (11.80) (14.62) 
Date 0.0000222*** 0.0000591*** 0.0000690*** 0.0001099*** 
 (7.16) (18.78) (18.32) (28.75) 
1.Elite 0.4832915*** 0.4452980*** 0.5580171*** 0.5194708*** 
 (69.26) (63.98) (64.82) (60.55) 
logFriends 0.1923318*** 0.1842979*** 0.2352433*** 0.2262439*** 
 (124.84) (119.60) (126.54) (121.56) 
logFollowers 0.2481943*** 0.2337216*** 0.3018427*** 0.2851399*** 
 (107.18) (101.01) (105.76) (99.81) 
1.Picture  0.3708260***  0.4095356*** 
  (60.27)  (54.20) 
Restaurant Fixed 
Effects Yes Yes Yes Yes 

Alpha 1.0975767 1.0664454 2.0825563 2.0337277 
Likelihood-ratio 
test of alpha = 0 

2.50719e+05 
(P = 0.000) 

2.44638e+05 
(P = 0.000) 

5.04009e+05 
(P = 0.000) 

4.93870e+05 
(P = 0.000) 

Log Likelihood -4.50835e+05 -4.49040e+05 -4.34567e+05 -4.33108e+05 
LR Chi2 1.72652e+05 1.76240e+05 1.45368e+05 1.48286e+05 
Pseudo R2 0.161 0.164 0.143 0.146 

Note: *, **, *** indicates 10%, 5%, and 1% significance level. 530 

 531 

4.2 Review photo sentiment and review usefulness 532 

Table 3 displays the estimation results regarding the impact of review photo sentiment on 533 

perceived review usefulness. Model 3.1 includes the control variables and independent 534 

variables of interest, including review photo sentiment (SentimentPic-linear) and its quadratic 535 

form (SentimentPic-quadratic). The significant and positive parameter of SentimentPic-536 

quadratic indicates a U-shaped relationship between review photo sentiment and review 537 

usefulness (coefficient = 2.6100819, p < 0.01). As depicted in Figure 4, compared with 538 

moderate review photo sentiment, the more positive or negative the sentiment tends to be, the 539 



more likely the review is to be perceived as useful. Reviews with extremely negative or positive 540 

photo sentiment were thus more likely to be perceived as helpful than reviews with moderate 541 

photo sentiment. Accordingly, Hypothesis 2a (“A U-shaped relationship exists between review 542 

photo sentiment and review usefulness”) was supported. The negative coefficient of 543 

SentimentPic-linear (β = -2.0929084, p < 0.01) revealed that positive review photo sentiment 544 

influenced perceived review usefulness more strongly than the impact of negative review 545 

sentiment (coefficient of SentimentPic-linear = -2.0929084, p < 0.01).  546 

 

 

 

 



Table 3. The Effect of Review Photo Sentiment on Review Usefulness 547 
 Review Usefulness 
 Model 3.1 Model 3.2 
Constant -3.5430521*** -2.9488264*** 
 (-26.89) (-13.87) 
Stars -0.0750694*** -0.0864607*** 
 (-16.32) (-18.25) 
logLength 0.5457993*** 0.5182623*** 
 (82.97) (76.58) 
logReadability 0.0998540*** 0.0967729*** 
 (15.68) (15.23) 
Date -0.0000375*** -0.0000299*** 
 (-6.37) (-5.08) 
1.Elite 0.4032596*** 0.3950125*** 
 (37.28) (36.54) 
logFriends 0.2432347*** 0.2389319*** 
 (85.61) (84.07) 
logFollowers 0.2550881*** 0.2465644*** 
 (75.60) (72.73) 
SentimentPic—linear (S) -2.0929084*** -4.7102544*** 
 (-4.52) (-5.31) 
SentimentPic—quadratic (S2) 2.6100819*** 5.7128331*** 
 (5.10) (5.78) 
logReviewPic  0.4920422*** 
  (3.37) 
Disparity  -0.8781259* 
  (-1.81) 
(S) × logReviewPic  -1.9060813*** 
  (-2.90) 
(S2) × logReviewPic  2.4049277*** 
  (3.29) 
(S) × Disparity  5.2076227** 
  (2.35) 
(S2) × Disparity  -6.7497645*** 
  (-2.70) 
Restaurant Fixed Effects Yes Yes 
Alpha 0.9883123 0.9767386 
Likelihood-ratio test of alpha = 0 1.37850e+05  

(P = 0.000) 
1.36934e+05  
(P = 0.000) 

Log Likelihood -1.59391e+05 -1.59142e+05 
LR Chi2 6.20576e+04 6.25552e+04 
Pseudo R2 0.163 0.164 

 



 
Figure 4. Impact of photo sentiment on review usefulness 548 

 

Estimation results in Table 3 specify the factors moderating the impact of review photo 549 

sentiment on review usefulness by allowing review photo sentiment to interact with two 550 

variables of interest: (1) the number of photos in a review (ReviewPic) and (2) review text–551 

photo sentiment disparity (Disparity). The estimated coefficients of linear interaction terms, 552 

including (S) × logReviewPic and (S) × Disparity, indicate how each moderating variable 553 

changes the turning point of the U-shaped relationship between review sentiment and perceived 554 

review usefulness (Figure 4). The estimated coefficients of nonlinear interaction terms, namely 555 

(S2) × logReviewPic and (S2) × Disparity, reflect how each moderating variable affects the 556 

convexity of the U-shaped relationship in Figure 4. 557 

The estimation results of Model 3.2 in Table 3 suggest that the number of review photos 558 



accentuates the impact of review photo sentiment on review usefulness (coefficient of the 559 

interaction term [S2] × ReviewPic = 2.4049277, p < 0.01). Therefore, Hypothesis 3a (“The 560 

number of photos in an online review can strengthen the effect of review photo sentiment on 561 

review usefulness”) was supported. To better understand the moderating effect of the number 562 

of review photos, the interaction effect is illustrated in Figure 5; for the group of reviews 563 

including more photos, the impact of review photo sentiment on review usefulness was more 564 

intense with a steeper slope.  565 

 
Figure 5. Moderating effect of number of photos in a review on review usefulness 566 

 567 
 568 

In addition, we tested the moderating effect of review text–photo sentiment disparity (Disparity) 569 

to evaluate the impact of review photo sentiment on review usefulness. The estimation result 570 



of the interaction term (S2) × Disparity was negative and significant (coefficient = -6.7497645, 571 

p < 0.01); that is, review text–photo sentiment disparity can weaken the nonlinear effect of 572 

photo sentiment on review usefulness. Hypothesis 4a was therefore supported. To clarify the 573 

moderating effect of review text–photo sentiment disparity, the interaction effect is displayed 574 

in Figure 6. People’s trust in reviews presumably increases with gradual convergence between 575 

review text and review photo sentiment.  576 

 

 
Figure 6. Moderating effect of disparity on review usefulness 577 

 578 
 579 

4.3 Review photo sentiment and review enjoyment 580 

Table 4 displays estimation results for the impact of review photo sentiment on perceived 581 

review enjoyment. Model 4.1 contains the control and independent variable of interest 582 



(SentimentPic), with estimation results indicating a linear and significantly positive influence 583 

on review enjoyment (coefficient = 0.3335666, p < 0.01). Hypothesis 2b was therefore 584 

supported.  585 

We further tested the moderating effects of the number of photos in a review (ReviewPic) and 586 

review text–photo sentiment disparity (Disparity); Model 4.2 in Table 4 shows these results. 587 

First, the number of photos strengthened the positive effect of review photo sentiment on 588 

review enjoyment, as evidenced by a positive interaction term between photo sentiment and 589 

photo number (coefficient = 0.2041845, p < 0.05). This interaction effect is depicted in Figure 590 

7, which shows a steeper slope for a high number of photos in a review group. Hypothesis 3b 591 

was thus supported. Second, we tested the moderating effect of review text–photo sentiment 592 

disparity (Disparity). The negative coefficient of (S) × Disparity in Model 4.2 (coefficient = -593 

1.1957257, p < 0.01) implies that review text–photo sentiment disparity can weaken the 594 

positive relationship between review photo sentiment and review enjoyment. As such, 595 

Hypothesis 4b was supported. This interaction effect appears in Figure 8 with a steeper slope 596 

for the low review text–photo sentiment disparity group.  597 

 
 
 
 
 
 
 
 
 
 



Table 4. The Effect of Review Photo Sentiment on Review Enjoyment 598 
 Review Enjoyment 
 Model 4.1 Model 4.2 
Constant -4.7054935*** -4.7951296*** 
 (-44.52) (-39.16) 
Stars -0.0061648 -0.0216068*** 
 (-1.08) (-3.68) 
logLength 0.5398300*** 0.5079283*** 
 (69.09) (63.02) 
logReadability 0.1123738*** 0.1086896*** 
 (14.27) (13.84) 
Date 0.0000005 0.0000110 
 (0.08) (1.55) 
1.Elite 0.4202488*** 0.4093526*** 
 (31.85) (31.05) 
logFriends 0.2889381*** 0.2838500*** 
 (86.37) (84.75) 
logFollowers 0.3090447*** 0.2995048*** 
 (75.65) (73.08) 
SentimentPic—linear (S) 0.3335666*** 0.6878868*** 
 (4.46) (4.45) 
logReviewPic  0.0616863 
  (1.48) 
Disparity  0.5984590*** 
  (3.34) 
(S) ×logReviewPic  0.2041845** 
  (2.27) 
(S) × Disparity  -1.1957257*** 
  (-3.09) 
Restaurant Fixed Effects Yes Yes 
Alpha 1.7554892 1.7373580 
Likelihood-ratio test of alpha = 0 2.81545e+05 2.80389e+05 
 (P = 0.000) (P = 0.000) 
Log Likelihood -1.60656e+05 -1.60435e+05 
LR Chi2 5.33035e+04 5.37456e+04 
Pseudo R2 0.142 0.143 

 

 

 



 
Figure 7. Moderating effect of number of photos in a review on review enjoyment 599 

 600 

 
Figure 8. Moderating effect of disparity on review enjoyment 601 



4.4 Robustness check: A tourist review sample analysis 602 

The above empirical results show that the proposed hypotheses were supported in the entire 603 

restaurant online review sample in Las Vegas. To further check the robustness of the results, 604 

we identified the reviewers’ tourist/local resident status and generated a subsample of online 605 

reviews written by tourists. A reviewer’s “tourist” status was determined by their registration 606 

address. For example, if a reviewer registered an account with an address in San Francisco, 607 

which is outside of Las Vegas, they were considered a tourist. Our tourist subsample contained 608 

305,379 online reviews, 79,346 of which included photo(s). We next re-analyzed how review 609 

photo sentiment affected perceived review usefulness and enjoyment based on a sample of 610 

online reviews written by tourists. 611 

Consistent with our prior data analysis using the full review sample, the estimation results of 612 

Models 5.1 and 5.3 in Table 5 reveal that reviews with/without photo(s) significantly affected 613 

review usefulness and review enjoyment. Specifically, compared with a review without 614 

photo(s), a tourist review with photo(s) tended to be deemed more useful (coefficient = 615 

0.3512116, p < 0.01) and more enjoyable (coefficient = 0.3796439, p < 0.01). In other words, 616 

people could obtain more useful and enjoyable information from tourist reviews with photo(s).  617 

In addition, the estimation results of Model 5.2 in Table 5 using the tourist review sample 618 

demonstrate a U-shaped relationship between review photo sentiment and review usefulness. 619 

The results of Model 5.4 indicate that review photo sentiment had a linear and significantly 620 

positive influence on review enjoyment. The relationships between review photo sentiment and 621 



review usefulness/enjoyment were moderated by the number of review photos and review text–622 

photo sentiment disparity. In particular, the number of review photos could strengthen this 623 

positive relationship, whereas review text–photo sentiment disparity weakened it. These 624 

estimation results coincide with our analysis of the full review sample.  625 



Table 5. Empirical Results Using a Tourist Review Sample 626 
 Review Usefulness Review Enjoyment 
 Model 5.1 Model 5.2 Model 5.3 Model 5.4 
Constant -4.0084830*** -2.9569658*** -4.4750878*** -4.7403722*** 
 (-83.64) (-11.55) (-76.68) (-33.88) 
Stars -0.1265034*** -0.0923180*** -0.0655146*** -0.0303507*** 
 (-48.10) (-16.40) (-19.94) (-4.33) 
logLength 0.5656484*** 0.5171035*** 0.5202816*** 0.4972994*** 
 (127.07) (64.18) (96.70) (51.44) 
logReadability 0.0738719*** 0.1149812*** 0.0795721*** 0.1358730*** 
 (17.31) (15.40) (14.92) (14.63) 
Date 0.0000380*** -0.0000443*** 0.0000922*** 0.0000005 
 (10.75) (-6.55) (21.36) (0.06) 
1.Elite 0.4331861*** 0.4123520*** 0.5077552*** 0.4309844*** 
 (54.56) (32.53) (51.56) (27.76) 
logFriends 0.1898682*** 0.2464438*** 0.2351182*** 0.2987619*** 
 (104.59) (73.02) (106.94) (74.52) 
logFollowers 0.2273234*** 0.2470433*** 0.2757542*** 0.2984101*** 
 (86.00) (62.07) (84.02) (61.53) 
1.Picture 0.3512116***  0.3796439***  
 (48.82)  (42.64)  
SentimentPic—linear (S)  -4.6558604***  0.5581059*** 
  (-4.29)  (3.05) 
SentimentPic—quadratic (S2)  5.5163193***   
  (4.56)   
logReviewPic  0.3468922**  0.0319223 
  (1.97)  (0.63) 
Disparity  -0.7413123  0.6106390*** 
  (-1.27)  (2.85) 
(S) × logReviewPic  -1.3226135*  0.2579059** 
  (-1.67)  (2.36) 
(S2) × logReviewPic  1.8176079**   
  (2.06)   
(S) × Disparity  4.5059224*  -1.2290148*** 



  (1.69)  (-2.67) 
(S2) × Disparity  -5.9309665**   
  (-1.98)   
Restaurant Fixed Effects Yes Yes Yes Yes 
Alpha 1.0954445 1.0019313 2.1395979 0.5987384 
Likelihood-ratio test of alpha = 0 1.80849e+05 9.83931e+04 3.81190e+05 2.07864e+05 
 (P = 0.000) (P=0.000) (P = 0.000) (P = 0.000) 
Log Likelihood -3.35253e+05 -1.15058e+05 -3.23851e+05 -1.15631e+05 
LR Chi2 1.27287e+05 4.55249e+04 1.06973e+05 3.91756e+04 
Pseudo R2 0.160 0.165 0.142 0.145 

 



4.5 Robustness check: A smartphone era sample analysis 627 

The rise of smartphones could be a major factor affecting users’ willingness to post reviews 628 

with photos. To further test the robustness of our models, we examined the influence of review 629 

photo sentiment on perceived review usefulness and enjoyment following the popularity of 630 

smartphones. Nielsen Insights indicated that more than half of mobile phone users in the United 631 

States have used smartphones since 2012 (Nielsen, 2012), causing smartphones to dominate 632 

the market. Therefore, we took review data during the smartphone era as a sample to verify our 633 

findings.  634 

Based on reviews with and without photos after 2012, we estimated Models 6.1 and 6.3 (Table 635 

6). Estimation results show that, in the smartphone era, reviews with photo(s) had a positive 636 

and significant effect on perceived review usefulness and review enjoyment, consistent with 637 

our previous analysis. Moreover, based on online reviews with photos after 2012, we estimated 638 

Models 6.2 and 6.4 in Table 6. Similar to the main estimation results in Tables 3 and 4, a U-639 

shaped relationship was identified between review photo sentiment and review usefulness. A 640 

positive correlation manifested between review photo sentiment and review enjoyment. In 641 

addition, the number of photos in a review strengthened the relationship between review photo 642 

sentiment and review usefulness/enjoyment, whereas text–photo sentiment disparity weakened 643 

it.  644 

 
 

 



Table 6. Empirical Results Using a Smartphone Era Review Sample 645 
 Review Usefulness Review Enjoyment 
 Model 6.1 Model 6.2 Model 6.3 Model 6.4 
Constant -4.0983281*** -3.4508587*** -4.4106581*** -4.8897438*** 
 (-62.43) (-10.34) (-56.09) (-30.29) 
Stars -0.1420599*** -0.1028110*** -0.0796477*** -0.0289955*** 
 (-50.23) (-18.96) (-22.83) (-4.30) 
logLength 0.5592793*** 0.5153329*** 0.5090910*** 0.4976531*** 
 (114.21) (65.45) (87.14) (53.19) 
logReadability 0.0978871*** 0.1242562*** 0.0968883*** 0.1394458*** 
 (18.69) (15.88) (15.06) (14.51) 
Date 0.0000747*** -0.0000002 0.0001476*** 0.0000287** 
 (11.50) (-0.02) (18.93) (2.44) 
1.Elite 0.5227248*** 0.4461773*** 0.5831510*** 0.4437194*** 
 (57.97) (35.45) (53.00) (28.99) 
logFriends 0.1816245*** 0.2313654*** 0.2171623*** 0.2754140*** 
 (96.57) (72.76) (96.92) (73.66) 
logFollowers 0.3049029*** 0.2863109*** 0.3643024*** 0.3420939*** 
 (102.17) (72.66) (99.84) (72.00) 
1.Picture 0.3891289***  0.4138826***  
 (52.58)  (46.29)  
SentimentPic—linear (S)  -2.8888010**  0.5574129** 
  (-1.99)  (2.35) 
SentimentPic—quadratic (S2)  3.3877918**   
  (2.08)   
logReviewPic  0.9543640***  0.0129464 
  (4.02)  (0.19) 
Disparity  -1.3389265**  0.8515118*** 
  (-2.46)  (4.20) 
(S) × logReviewPic  -4.0705189***  0.4651890*** 
  (-3.78)  (3.21) 
(S2) × logReviewPic  5.1343543***   
  (4.24)   
(S) × Disparity  7.6290819***  -1.8370072*** 



  (3.05)  (-4.16) 
(S2) × Disparity  -9.7282510***   
  (-3.42)   
Restaurant Fixed Effects Yes Yes Yes Yes 
Alpha 1.1027449 1.0223674 2.0486338 1.8029188 
Likelihood-ratio test of alpha = 0 1.73697e+05 1.14159e+05 3.30933e+05 2.23491e+05 
 (P = 0.000) (P = 0.000) (P = 0.000) (P = 0.000) 
Log Likelihood -2.88607e+05 -1.24381e+05 -2.77153e+05 -1.24261e+05 
LR Chi2 1.30500e+05 5.20221e+04 1.08973e+05 4.43590e+04 
Pseudo R2 0.184 0.173 0.164 0.151 

 



5. Discussion and Implications 646 

5.1 Conclusion and discussion 647 

Given the importance of visual content, leveraging such content to boost consumer engagement 648 

is essential for businesses. Consumer engagement with online reviews mainly manifests in 649 

review helpfulness and enjoyment votes, which play a pivotal role in consumers’ information 650 

processing, online review adoption, and purchase behaviors (Choi & Leon, 2020; Filieri et al., 651 

2018; Hlee et al., 2019; Lee & Hong, 2019; Lee & Choeh, 2018; Park & Nicolau, 2015) 652 

Emotions reflected in online reviews could reinforce  consumer engagement (Bigne et al., 2021; 653 

Chua & Banerjee, 2016; Siering et al., 2018). Review sentiment can be conveyed through text 654 

(Alaei et al., 2019; Ma et al., 2018), photos, or videos (Campos et al., 2015; Deng & Li, 2018). 655 

The effects of UGPs have recently attracted increasing attention (e.g., An et al., 2020; Cai & 656 

Chi, 2020; Marder et al. 2021). Even so, little is known about the role of review photo sentiment 657 

or about the effects of the interactions or congruence between review text and photos. We 658 

sought to gain an in-depth understanding of customers’ engagement with reviews (i.e., review 659 

usefulness and enjoyment) based on UGP characteristics (i.e., review photo sentiment). We 660 

adopted a deep learning method to extract photo sentiment from hundreds of thousands of 661 

heterogeneous review data (i.e., numerical, text, photo) on Yelp, combined with econometric 662 

models. Results address a relevant knowledge gap by identifying the effects of review photo 663 

sentiment on review usefulness and enjoyment. Our conclusions are summarized below.  664 

First, we found that online reviews including UGPs were perceived to be more useful and 665 

enjoyable than those without. These outcomes show that UGPs can complement potential 666 



customers’ perceived review usefulness (An et al., 2020; Bigne et al., 2021; Ma et al., 2018). 667 

Li et al. (2019) discovered that sensory cues (i.e., visual, auditory, and haptic) in review text 668 

could contribute to review enjoyment. Our study further demonstrates that reviews containing 669 

photos, which function as a rich source of sensory cues, enhance review enjoyment. 670 

Second, the estimation results present a U-shaped relationship between review photo sentiment 671 

and review usefulness, with review photo sentiment having a linear positive effect on review 672 

enjoyment. The positive or negative sentiment reflected in reviews is thought to be more 673 

helpful than neutral online reviews (Bigne et al., 2021; Siering et al., 2018) due to unclear 674 

opinions in neutral reviews. As Wang (2018) mentioned, photos offer another way to convey 675 

customers’ sentiments about their experiences. Our results confirm a non-linear relationship 676 

between review photo sentiment and review usefulness. Additionally, in line with findings from 677 

psychologists, pictures can more effectively arouse viewers’ emotional resonance (Ito et al., 678 

1998; Uhrig et al., 2016). Review photo sentiment could evoke similar emotional responses 679 

among consumers.  680 

Third, our study introduces the concept of review text–photo sentiment disparity and tests its 681 

moderating effect. Shin et al. (2020) found that blog image–text content similarity (based on 682 

cosine similarity) positively influences users’ reblogs and likes. By contrast, An et al. (2020) 683 

demonstrated that the effect of photo caption–text content congrence (based on cosine 684 

similarity) on review helpfulenss is insignificant. Different from these studies, we examined 685 

the interaction effect of social media text and photos from a sentiment perspective. Results 686 



show that sentiment disparity between review text and photo(s) can reduce the impact of review 687 

photo sentiment due to the uncertainty of text–photo sentiment inconsistency. The effects of 688 

review photo sentiment on review helpfulness and enjoyment are correspondingly mitigated. 689 

Lastly, we found that the number of UGPs can strengthen the effects of review photo sentiment 690 

on review usefulness and enjoyment. Supported by cue summation theory (Severin, 1967), 691 

review content richness reinforces review helpfulness and enjoyment by adding information 692 

and sensory cues (Cheng & Ho, 2015; Yang et al., 2017). More photos could provide more 693 

imagery-evoking cues (i.e., perceptual and sensory cues), thus strengthening the impact of 694 

review photo sentiment on customer engagement (i.e., “useful,” “funny,” and “cool” review 695 

votes). This outcome further clarifies the role of UGPs’ content richness.   696 

 697 

5.2 Theoretical implications 698 

This study makes several important theoretical contributions. First, existing literature on online 699 

review sentiment has been solely focusing on sentiment analysis of review texts (e.g., Alaei et 700 

al., 2019; Geetha et al., 2017; Ma et al., 2018), with sentiment of review photos being 701 

completely overlooked. Our work is among the earliest to address the effects of photo sentiment 702 

on consumers’ perceived review helpfulness and review enjoyment. Specifically, we identified 703 

a U-shaped relationship between photo sentiment and review helpfulness along with a positive 704 

relationship between photo sentiment and review enjoyment. Our study also provides further 705 

evidence of the positive impact of review photos on review helpfulness, consistent with 706 

conclusions from An et al. (2020), Cheng and Ho (2015), Lee (2018), and Ma et al. (2018). 707 



Existing studies reported mixed findings regarding the impacts of review photos on review 708 

helpfulness (Hlee et al., 2019; Lee, 2018). By introducing photo sentiment and text–photo 709 

sentiment disparity, our study helps to reconcile these contradictory findings. Besides whether 710 

or not including photos, the sentiment of review photos and the congruence between text and 711 

photo sentiment should be considered while studying the effects of review photos on consumers’ 712 

perceived review helpfulness and enjoyment.     713 

Second, we tested the boundary effects of photo sentiment on review helpfulness and review 714 

enjoyment (i.e., under what conditions the impacts of photo sentiment on review helpfulness 715 

and review enjoyment become stronger or weaker). Our findings indicate that the number of 716 

review photos can strengthen the effects of photo sentiment on review helpfulness and 717 

enjoyment, and text–photo sentiment disparity can weaken the impacts of photo sentiment on 718 

review helpfulness and enjoyment. Our findings on text–photo sentiment disparity extend 719 

existing research testing the text–photo interaction effect on social media (An et al., 2020; Shin 720 

et al., 2020), whose results were inconsistent regarding the impact of text–image congruence 721 

in content. Our work further expands such literature by evaluating other aspects of text–image 722 

congruence, i.e., sentiment congruence, and responds to a call for more studies on the 723 

interactions between textual and visual content in online reviews (Li et al., 2021). 724 

Third, this study adds to the literature on the hedonic value of online reviews. Hedonic value 725 

of online reviews is crucial for engaging consumers and shaping their attitudes and behaviors 726 

(Park & Nicolau, 2015). However, few studies have investigated what contributes to the 727 



hedonic value or perceived enjoyment of online reviews (Hlee et al., 2019; Li et al., 2019; Park 728 

& Nicolau, 2015; Yang et al., 2017). This study contributed to the literature by uncovering the 729 

role of photo sentiment on review enjoyment along with the moderating effects of the number 730 

of review photos and text–photo sentiment disparity on the relationship between photo 731 

sentiment and review enjoyment.  732 

Last but not least, by focusing on the role of UGPs in online reviews, this study enriched the 733 

literature on online reviews and consumers’ online information search. Visual information, 734 

including review photos, are playing an increasingly important role in consumer decision-735 

makings (An et al., 2020; Li et al., 2021; Liu et al., 2022). Existing studies mainly focused on 736 

the effects of whether online reviews include photos and the number of review photos (An et 737 

al., 2020; Cheng & Ho, 2015; Hlee et al., 2019; Lee, 2018; Li et al., 2021; Ma et al., 2018), the 738 

present study offered a unique perspective on how review photos affect consumer decision-739 

makings by investigating the influences of review photo sentiments and text–photo sentiment 740 

disparity.  741 

5.3 Practical implications 742 

This study also offers practical contributions. People have become increasingly reliant on 743 

online reviews when purchasing products, especially experiential items in hospitality and 744 

tourism (Bei et al., 2004; Senecal & Nantel, 2004; Wu et al., 2016). As photo uploads become 745 

more convenient, photos’ effects represent a core topic in marketing. The practical implications 746 

of our study are as follows. 747 



First, our work provides an avenue for restaurant managers to deepen their understanding of 748 

customers’ opinions derived from the vast amount of UGC (e.g., review text and photos). 749 

Sentiment represents an essential way to understand consumers' attitudes and opinions, and 750 

UGPs often lead to initial impressions and efficient messaging. Scholars have argued that 751 

photos play a major role in consumers' perceptions of virtual products or services (Ren et al., 752 

2020). Therefore, practitioners should not ignore photos while focusing on reviewers’ written 753 

commentary. Given the real-time nature of reviews, businesses can better capture consumers’ 754 

emotional changes by integrating UGPs in review data analysis. This study can enhance 755 

managers’ awareness of photo sentiment and text–photo sentiment disparity, both of which 756 

promote knowledge of market trends and performance management. 757 

Second, for online review platforms, our findings indicate that online review websites should 758 

develop scalable image- and text-processing algorithms to detect the most useful and enjoyable 759 

reviews. Reviews could then be sorted accordingly to ensure that consumers are exposed to 760 

more positive reviews and positive sentiment photos. The rise of a large volume of information 761 

on the Internet not only increases consumers’ search costs but also presents a challenge for 762 

managers. Users’ information-filtering process is often considered part of the consumption 763 

experience. By proposing a user-oriented image- and text-processing method to recommend 764 

the most useful and enjoyable reviews, consumers can quickly obtain valuable feedback. This 765 

benefit can enhance a platform’s competitive advantage. The extracted information also serves 766 

as a reference for businesses to efficiently identify consumers and market trends. Firms can 767 

then formulate appropriate advertising and development strategies. 768 



Third, businesses should pay close attention to reviews with negative review photo sentiment 769 

(as well as reviews featuring many photos and high photo–text sentiment congruence), as these 770 

reviews are perceived as extremely useful. The negative sentiments of UGPs reflect consumers’ 771 

negative attitudes. If not given sufficient attention, these reviews could adversely affect 772 

businesses. Managers should address these restaurant aspects to improve consumers’ dining 773 

experiences and online evaluations.  774 

5.4 Limitations and future research 775 

Several limitations apply to this research and should be investigated in the future. First, we 776 

employed a consumer-based photo sentiment calculation method; future studies could further 777 

validate the accuracy of photo sentiment calculation through other approaches, such as 778 

Sentibank (Borth et al., 2013). In addition, as the information context is of great significance 779 

to information processing, further studies should consider the role of multimodal information 780 

integration, i.e., review text and photo together, when calculating the review sentiment. Second, 781 

we only focused on the moderating effects of the number of photos in a review and review 782 

text–photo sentiment disparity. Subsequent work can assess moderating effects of other review 783 

text and review photo characteristics. Third, the data used in our study were limited to a single 784 

city (i.e., Las Vegas) and one product (i.e., restaurants). Follow-up studies could test whether 785 

our findings are generalizable based on online review data for different products and offerings 786 

in other regions, such as hedonic versus utilitarian goods and restaurants versus hotels versus 787 

tourist attractions.   788 
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