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Abstract. Generative AI (GenAI) is reshaping various everyday tasks, but little 
is known about its effect on online consumer review writing. This study investi-
gates how using GenAI affects the informativeness of reviews. Through a sce-
nario-based online experiment, we find that reviewers using GenAI perceive a 
reduced cognitive load while writing more informative reviews. Contrary to our 
expectation, cognitive load does not mediate the effect of using GenAI on the 
informativeness of reviews. Further analyses suggest that reviews written using 
GenAI exhibit higher linguistic complexity and more positive sentiment. Our 
findings contribute to literature on cognitive load theory, GenAI, and review writ-
ing, while offering valuable insights for practitioners. We propose avenues for 
digital platforms to draw from the increased informativeness while mitigating 
potential drawbacks associated with using GenAI. In summary, our results ensure 
that reviews remain effective in informing consumer purchasing decisions. 
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1 Introduction 

Online consumer reviews (hereafter referred to as “reviews”) have become a funda-
mental component of digital platforms, with approximately 90% of consumers consult-
ing them to inform their purchasing decisions (Turner & Rainie, 2020). However, the 
mere presence of a large number of reviews is insufficient, as reviews must also be 
informative to effectively support consumer purchasing decisions (Mudambi & Schuff, 
2010). Informativeness in this context refers to the extent to which a review covers a 
range of distinct aspects (e.g., “Pizza”, “Salad”) and broader topics (such as “Food” or 
“Service”) relevant to the product (Habla et al., 2024). When reviews provide broad 
and diverse product aspects, they enable consumers to make well-founded comparisons 
and, ultimately, informed purchasing decisions (Scholz & Dorner, 2013; Son et al., 
2019). Writing informative reviews is a cognitively demanding process that requires 
reviewers to recall their product experiences, select relevant aspects, and structure their 
thoughts (Poniatowski et al. 2019). To facilitate this, digital platforms often employ 
structured review templates. These templates use strategic design features to support 
reviewers in their review writing (Gutt et al. 2019). For instance, Yelp prompts review-
ers to provide aspects on topics such as food and service in restaurant reviews, while 



TripAdvisor provides structured questions that guide reviewers step by step through 
their review writing. Although such templates support reviewers in writing informative 
reviews, they share one common limitation: they still require reviewers to recall and 
manually type their product experiences, leaving a substantial cognitive load. Given 
this challenge, reviewers may increasingly turn to Generative AI (GenAI) as a tool to 
support their review writing. GenAI has demonstrated remarkable capabilities across 
everyday tasks (Zemke et al. 2025) and now reaches hundreds of millions of users 
weekly via tools like ChatGPT (Rooney, 2025) and built-in assistants such as Windows 
Copilot and Apple Intelligence. Particularly in writing contexts, GenAI has proven to 
enhance structure, clarity, and fluency while simultaneously reducing cognitive load 
(Noy & Zhang, 2023). While the benefits of using GenAI are clear to reviewers, its 
effect on the informativeness of their reviews remains uncertain. Thus, it is crucial to 
understand whether reviewers invest the freed cognitive resources by using GenAI to 
include a broader and more diverse set of product aspects in their reviews. Conse-
quently, we state the following research question:  

How does using GenAI affect the informativeness of reviews? 
To address our research question, we develop hypotheses based on cognitive load the-
ory and conduct a scenario-based online experiment that ensures realism (Fink, 2022). 
Depending on the experimental group, participants write a restaurant review using one 
of two review templates designed after Yelp. In the treatment group, the review tem-
plate embeds GenAI, while participants in the control group write a review without 
GenAI support. This design allows us to systematically compare the effects of using 
GenAI to traditional review writing on the informativeness of reviews. The results re-
veal that reviews written using GenAI are more informative, while their reviewers per-
ceive a lower cognitive load. However, contrary to our expectations, we find that cog-
nitive load does not mediate the relationship between using GenAI and the informa-
tiveness of reviews. These findings contribute to theory and practice, providing a basis 
for ensuring that reviews remain effective in informing consumer purchasing decisions. 

2 Related Literature 

The majority of existing research on reviews emphasizes their economic implications, 
such as their effect on purchase intentions and sales (see Babić Rosario et al. 2020), or 
their role in informing consumers’ purchasing decisions (Rietsche et al. 2019, for an 
overview). Central to these studies is the recognition that informativeness affects a re-
view’s effectiveness in supporting these decisions (Mudambi & Schuff, 2010; Son et 
al. 2019). To enhance the informativeness of reviews, researchers examined various 
design features. Financial incentives, for instance, increase the number but often result 
in less informative reviews (Burtch et al. 2018; Khern-am-nuai et al. 2018). Conversely, 
non-financial incentives like gamification first encourage informative review writing, 
but the effect diminishes over time and can introduce sentiment bias (Moro et al. 2019). 
Contextual factors also play a role, for example showing the number of existing reviews 
negatively correlates with informativeness (Rohde et al., 2022), while multidimen-
sional rating scales encourage discussion of more product aspects (Chen et al., 2018). 



Gutt et al. (2019) propose that review templates, a set of strategically selected design 
features, positively affect the number and content of reviews. Consistent with this, fur-
ther research finds that review templates improve the informativeness of reviews but 
do not reduce reviewers’ cognitive load (Habla et al. 2024; Poniatowski et al. 2019). 

Recent GenAI literature adds another dimension to this discussion (see Zemke et al. 
(2025)). A growing number of studies demonstrate GenAI’s potential to support writing 
tasks across educational and professional settings, thereby improving structure, clarity, 
and fluency while reducing the perceived cognitive load (Li et al. 2024; Noy & Zhang, 
2023). Yet, only a few studies have investigated using GenAI in the context of reviews. 
To date, Erlebach (2024) finds that GenAI effectively supports consumers in processing 
a large number of reviews. Moreover, Knight et al. (2024) and Amos & Zhang (2024) 
suggest that reviews tagged as “AI-written” are generally perceived as less effective. In 
addition, Kovács (2024) asked ChatGPT to rewrite Yelp reviews and let consumers 
compare them, suggesting that they often could not distinguish between them. 

In summary, strategically selecting design features has already been demonstrated 
to support reviewers in writing more informative reviews. To the best of our 
knowledge, however, no prior study investigates how review writing using GenAI af-
fects the informativeness of reviews. This leaves a gap that this research aims to fill. 

3 Theoretical Background and Hypotheses Development 

We develop our hypotheses based on cognitive load theory (Sweller et al. 1998; Sweller 
et al. 2011; Sweller et al. 2019), which explains how the limitations of working memory 
constrain human cognitive architecture (Paas et al. 2010). When tasks require cognitive 
resources that exceed working memory capacities, negative outcomes, such as reduced 
information processing efficiency, are likely to occur. Cognitive load theory distin-
guishes between two primary components: intrinsic cognitive load and extraneous cog-
nitive load (Skulmowski & Xu, 2022). Intrinsic cognitive load arises from the inherent 
complexity of the task itself and is heavily affected by an individual’s prior knowledge. 
Consequently, intrinsic cognitive load can only be effectively reduced through changes 
in either the task itself or in the individual’s existing knowledge related to the task 
(Erlebach, 2024). Conversely, extraneous cognitive load emerges from cognitive activ-
ities that are not associated with prior knowledge. Taken together, these two compo-
nents jointly constitute an individual’s perceived cognitive load for a given task. 

Translating this to the context of review writing, reviewers experience intrinsic cog-
nitive load primarily when recalling aspects of their product experience and making 
evaluative judgments. Extraneous cognitive load arises to a certain extent from the cog-
nitive processes associated with structuring and organizing their written reviews. Re-
cent studies indicate that extraneous cognitive load in writing tasks is affected by struc-
tural complexity, suggesting that strategies such as writing in chunks can reduce extra-
neous cognitive load (Putri et al. 2022; Rahmat, 2023). Building upon this, we posit 
that using GenAI can reduce reviewers’ perceived cognitive load by supporting them 
in structuring their experiences, refining linguistic expression, and writing a coherent 
review. Accordingly, we state our first hypothesis as follows: 



H1: Using GenAI reduces reviewers’ perceived cognitive load. 
Furthermore, cognitive load theory posits that reducing cognitive load facilitates the 
redistribution of some of the freed cognitive resources toward other cognitive pro-
cesses, thus enhancing overall task performance (Sweller et al. 1998; Sweller et al. 
2011). In the context of review writing, the primary task is to write reviews that effec-
tively support consumers in informing their purchasing decisions by describing and 
evaluating product experiences (Son et al. 2019). Using GenAI, by reducing cognitive 
load associated with structuring and writing, may enable reviewers to allocate a certain 
extent of the freed cognitive resources toward recalling and evaluating more aspects of 
their product experience. This may enhance the informativeness of their reviews. In 
other words, the overall reduction of the cognitive load using GenAI might lead to more 
informative reviews. Therefore, we suggest a mediating role of perceived cognitive 
load between using GenAI and the informativeness of reviews. Thus, we state our sec-
ond hypothesis as follows: 
H2: The positive effect of using GenAI on the informativeness of a review is mediated 
by reviewers’ perceived cognitive load. 

It is important to note that our theoretical foundation in cognitive load theory does not 
suggest a direct effect of using GenAI on the informativeness of reviews. The theory 
posits a clear causal chain where performance improvements on a primary task are the 
result of freed cognitive resources that were previously occupied by cognitive pro-
cesses. In context of our study, this implies that GenAI enhances informativeness be-
cause it first reduces cognitive load associated with structuring and writing the review. 
The freed cognitive resources can then be reallocated to primary cognitive tasks of re-
calling and evaluating more diverse product aspects. Thus, the relationship between 
using GenAI and informativeness of reviews is expected to be fully mediated by cog-
nitive load. Our research model, summarizing our hypotheses, is outlined in Figure 1.  

 
Figure 1. Research Model 

4 Research Methodology and Experimental Design 

We employ a scenario-based online experiment to investigate how using GenAI affects 
the informativeness of reviews. This allows us to isolate causal effects while controlling 
for confounding factors and balancing realism with controlled conditions (Fink, 2022). 

4.1 Scenario Description 

Among various industries, the restaurant sector is particularly impacted by reviews, as 
consumers frequently rely on them to inform themselves about food quality, service, 
and overall experience before deciding on a particular restaurant (Jeong & Jang, 2011). 

InformativenessGenAI Cognitive LoadH1 (-) H2 (-)

Direct Effect Indirect Effect (via Cognitive Load)



Given this critical role, our study focuses on the restaurant sector to analyze how using 
GenAI affects the informativeness of reviews. To mirror real-world behavior, partici-
pants in our online experiment are instructed to write a review based on their most 
recent visit to a Mexican restaurant. We opt for this to ensure comparability across 
reviews by focusing on a specific cuisine. Furthermore, asking participants to draw on 
personal experiences, rather than hypothetical ones, increases the ecological validity 
and authenticity of their written reviews. 

4.2 Treatment Variation 

We employ a between-subjects experimental design, where participants are randomly 
assigned to one of two experimental groups: a control group or a treatment group. In 
the control group, they are presented with a review template designed after Yelp. The 
template includes three design features: a star rating, proposing topics to review (i.e., 
food, service, and ambiance), and a text input field (see Figure 2, Panel A). This repre-
sents a traditional review template approach and establishes a baseline for comparison.  

 
Figure 2. Review Templates 

In contrast, participants in the treatment group are presented with a slightly modified 
version of Yelp’s review template. While this version retains the same fundamental 
structure, it embeds GenAI, allowing participants to provide aspects of their experience 
in bullet point form. Upon clicking on “Generate Review”, the bullet points are pro-
cessed by ChatGPT-4o1, which generates a coherent text that appears directly below 
the input field (see Figure 2, Panel B). To ensure the embedding represents interaction 
with GenAI as realistically as possible, we do not employ any form of prompt engi-
neering to refine the generated text, such as instructing ChatGPT to write a certain 
length. More specifically, ChatGPT is simply instructed to “write a review for a  

 
1  We opt for ChatGPT, as it is one of the most popular GenAI tools (Zemke et al. 2025). 

Panel A: Control Group Panel B: Treatment Group



Mexican restaurant based on the following input:”. However, participants can refine 
the generated text by manually editing it or modifying their input to have ChatGPT 
regenerate it. Embedding ChatGPT into the review template facilitates systematic 
tracking of participants’ interactions, enabling detailed analysis of how using GenAI 
affects the informativeness of reviews. To this end, we disabled the copy-and-paste 
function, preventing participants in the control group from using external GenAI tools, 
while allowing precise tracking of GenAI interactions within the treatment group. 

4.3 Variables2 

To evaluate our hypotheses, we draw on both the participants’ responses to the post-
experimental questionnaire and their written reviews. Below, we detail how we opera-
tionalize each variable, including relevant control measures.  

We measure participants’ perceived Cognitive Load3 using one construct from the 
NASA Task Load Index (Hart & Staveland, 1988) and a 7-point Likert scale, ranging 
from 1 (low) to 7 (high).  

To comprehensively assess the informativeness of the written reviews, we adopt the 
procedure proposed by Habla et al. (2024), designed to account for the breadth and 
diversity of product information in reviews. Informativeness is thus operationalized 
through two distinct yet complementary variables. Firstly, the Number of Aspects men-
tioned in each review is assessed to capture the breadth of product-specific information 
provided. Secondly, we measure the diversity of information provided through the 
Number of Topics discussed in each review. Consistent with Habla et al. (2024), we 
establish nine topics that are commonly relevant to restaurant reviews: “Food”, “Ser-
vice”, “Drinks”, “Cleanliness”, “Atmosphere/Ambience”, “Value-For-Money”, “Loca-
tion”, “Kid-friendliness”, and “Wheelchair accessibility.” However, to extract the as-
pects from reviews, we employ the PyABSA framework (Yang et al. 2023). The aspects 
extracted by this method are subsequently lemmatized and deduplicated, thereby en-
suring each aspect is counted only once per review, resulting in the measure referred to 
as the Number of Aspects. Next, those aspects are mapped onto the predefined topics 
employing a topic modeling approach based on the Word2Vec algorithm (Mikolov et 
al. 2013). In instances where multiple aspects within a single review pertain to the same 
topic, the topic is counted only once, thereby determining the Number of Topics. 

To account for participants’ prior experiences and potential external influences, sev-
eral control variables are included to ensure the robustness of our results. Specifically, 
participants’ familiarity with writing and reading reviews is assessed (Habla et al. 2024; 
Lee & Jin Ma, 2012), along with the recency of their last visit to a Mexican restaurant. 
Additionally, prior usage of GenAI (Dhillon et al. 2024) and attitudes toward writing 
(Graham et al. 2017) are examined. Finally, sociodemographic information, including 
age and sex, is collected to provide further context for the analysis. 

 
2  We provide details on all variables used and the extended descriptive statistics in an online 

appendix available via the following link: https://github.com/ReviewGenAI/OnlineAppendix 
3  In the original version, the construct is called mental demand, but it corresponds to cognitive 

load (Gieshoff & Heeb, 2023). 



4.4 Experimental Procedure 

The experimental procedure begins by introducing participants to the scenario. At this 
stage, participants are explicitly informed about present attention checks, clarifying that 
failing these checks will result in their exclusion without payment. Following their con-
sent, participants proceed to a fictitious review writing platform. Depending on their 
experimental group, participants write their review either with a traditional review tem-
plate (control group) or a review template including GenAI (treatment group). Upon 
completing the review-writing task, participants are required to submit their review by 
clicking “Post Review”, an action enabled only after selecting a star rating and typing 
at least one character. After submission, participants are redirected to a post-experi-
mental questionnaire. To confirm that participants correctly observe the treatment var-
iation, we first ask whether GenAI was used to write the review as a manipulation 
check. Subsequently, participants respond to questions regarding their perceived cog-
nitive load during review writing and the control variables. Notably, our attention 
checks are integrated into the questionnaire4. This ensures that only attentive partici-
pants contribute data, increasing the validity of our results. 

4.5 Implementation and Data Collection  

The experiment was implemented using the web-based survey platform SoSci Survey. 
To ensure clarity and eliminate potential ambiguities, we conducted an extensive pre-
test following established guidelines (Reynolds & Diamantopoulos, 1998). We first 
tested our implementation with students from a German university and collected feed-
back. We then pre-tested with participants from Prolific, a widely used crowd-working 
platform known for high-quality academic research (Peer et al. 2021). Collecting this 
feedback ensured that the experimental procedure and task instructions were clear. As 
no issues were reported, we proceeded with the main experiment. Participants in the 
pre-test and the main experiment were required to be at least 18 years old, current U.S. 
residents, and native English speakers. After completing the experiment, participants 
received $0.70 in compensation, in line with Prolific’s standards.  

5 Analyses and Results 

In total, 87 participants correctly answered the manipulation and attention check ques-
tions and completed the experiment. Prior to the analyses, we excluded speeders who 
responded at a pace outside the 1st percentile range (2 observations), as recommended 
by Ford (2017). Thus, our final dataset comprises 85 participants randomly assigned to 
two experimental groups. The average age of participants was 39 years, with a distri-
bution of 59 female and 26 male participants5. The experiment took approximately four 

 
4  Importantly, these questions are asked after the evaluation of the perceived cognitive load to 

avoid any biases in participants’ answers. 
5  Additional demographic information and descriptive statistics can be found in our online ap-

pendix: https://github.com/ReviewGenAI/OnlineAppendix 



minutes to complete, with the review-writing task itself averaging one minute and 45 
seconds. To ensure the internal consistency of our scales, we assess Cronbach’s alpha 
for our multi-item variable (Cortina, 1993). As Cronbach’s alpha exceeds the recom-
mended threshold of 0.7 (Hair et al. 2009), all proposed items are retained and aggre-
gated for the respective variable. We verified the appropriateness of our sample ran-
domization by comparing the control variables between the experimental groups. Spe-
cifically, we conducted Wilcoxon rank-sum tests for ordinal, t-tests for ratio-scaled, 
and Chi-square tests for nominal variables. As no significant differences emerged be-
tween the experimental groups, we conclude that our experiment is well-randomized. 
To get a first impression of our data, Table 1 provides the summary statistics of our 
dependent variables.  

Table 1. Summary Statistics of the Dependent Variables 

 
Variable 

 Treatment (n = 43) d Control (n = 42) 
 

Differences 
in Means  Mean SD  Mean SD 
 

Cognitive Load  2.558 1.452  3.500 1.452  -0.942*** 
Number of Aspects  4.372 1.448  2.595 1.170  1.777*** 
Number of Topics  2.558 0.765  1.786 0.717  0.772*** 
Note: *p < 0.1, **p < 0.05, ***p < 0.01. Statistical significance for differences is based on 
Wilcoxon rank-sum test (row 1), t-tests (row 2 & row 3). SD denotes standard deviation. 

5.1 Main Results 

To analyze the effect of using GenAI on reviewers’ perception of Cognitive Load (i.e., 
H1), we estimate an ordinary least squares (OLS) model: 

 Cognitive Load = α + β GenAI + γ Controls + ϵ (1) 

where Cognitive Load represents the dependent variable of interest. GenAI is the binary 
independent variable, it denotes either using GenAI (encoded as one) or not using 
GenAI (encoded as zero). The model further includes all our control variables (i.e., 
Controls) as outlined in Section 4.3, for example, the recency of the participant’s last 
restaurant visit, along with the remaining error term (i.e., ϵ). Robust standard errors are 
used. Panel A of Table 2 presents the estimation results. We observe a significantly 
negative coefficient for GenAI (β = -0.985, p < 0.01), which indicates that reviewers 
using GenAI experience less Cognitive Load compared to those not using GenAI. This 
result suggests that reviewers using GenAI perceive substantially lower Cognitive Load 
during review writing. Thus, we find support for H1. 

To investigate whether perceived Cognitive Load mediates the relationship between 
using GenAI and the informativeness of reviews (i.e., H2), we conduct a mediation 
analysis employing the PROCESS macro Model 4 for R (Hayes, 2022). Following 
Hayes (2022), we assess the statistical significance of the effects via a bootstrapping 
procedure with 5000 bias-corrected resamples. In addition, we base standard errors and 
95% confidence intervals. We analyze informativeness by means of two separate 
measures: the Number of Aspects provided, and the Number of Topics addressed in 



reviews. The results are summarized in Panel B of Table 2. For the Number of Aspects, 
using GenAI exhibits a significant positive direct effect (β = 1.915, p < 0.01). This in-
dicates reviewers using GenAI provided approximately two additional aspects com-
pared to those not using GenAI. The mediation analysis revealed no significant indirect 
effect, suggesting that the perceived Cognitive Load does not mediate the effect of using 
GenAI on the Number of Aspects. Similarly, for the Number of Topics, using GenAI 
also has a significant positive direct effect (β = 0.801, p < 0.01), indicating that review-
ers using GenAI addressed experiences to a greater Number of Topics in their reviews. 
Again, we find no mediation through Cognitive Load. Therefore, we conclude that the 
perceived Cognitive Load does not serve as a mediator between using GenAI and the 
informativeness of reviews, leading us to reject H2. 

To ensure the robustness of our findings, we analyzed whether manually editing the 
AI-generated text influenced the outcomes. A separate regression among treatment 
group participants, which included a binary indicator for manual edits, showed no sig-
nificant effect on either informativeness (i.e., Number of Aspects, Number of Topics) or 
Cognitive Load. This confirms that the observed effects stem from using GenAI itself. 

Table 2. Main Results 

Panel A. Effects on Cognitive Load  
 Effect  SE  
GenAI → Cognitive Load (H1)  -0.985***  0.328   

Panel B. Effects on Informativeness 
 Effect  SE 95% CI 
GenAI → Number of Aspects   1.915***  0.343 [1.232;2.598] 
GenAI → Number of Topics   0.801***  0.201 [0.401;1.202] 
GenAI → Cognitive Load → Number of Aspects (H2)   -0.028  0.126 [-0.324;0.200] 
GenAI → Cognitive Load → Number of Topics (H2)   -0.019  0.064 [-0.165;0.101] 
In Panel A: Control variables and robust standard errors (SE) are used.  
In Panel B: Standard errors (SE) and 95% confidence intervals (CI) for the indirect effect 
are based on 5000 bootstrapping resamples. Mediation analyses are based on the PRO-
CESS macro Model 4 (Hayes, 2022). 
Further Notes: *p < 0.1, **p < 0.05, ***p < 0.01. Notably, none of the control variables 
showed a statistically significant effect on the dependent variables in any of the analyses.  

5.2 Additional Insights 

Our results suggest that reviews written using GenAI are more informative, as meas-
ured by both a higher Number of Aspects and Number of Topics. To confirm that this 
increase comes from reviewers providing more aspects to GenAI, rather than GenAI 
artificially amplifying the content, we conduct a further analysis as a robustness check. 
Thus, we compare the Number of Aspects provided by reviewers in the input text field 
to ChatGPT with those present in their posted reviews. A t-test reveals no significant 
difference between the Number of Aspects provided in the input text field and the posted 
review (p > 0.1). Specifically, reviewers using GenAI provided about four aspects in 



their input fields (see Table 3, row 1), like the Number of Aspects in their posted review 
(see Table 1, row 1). This implies that the increased informativeness of reviews written 
using GenAI stems from reviewers providing more aspects of their experience. 

Table 3. Further Measures 

 
Variable 

 Treatment (n = 43) d Control (n = 42) 
 

Differences 
in Means  Mean SD  Mean SD 
 

Number of Aspects GenAI Input  4.419 1.867  - -  - 
Linguistic Complexity  15.882 1.368  10.024 3.956   5.857*** 
Sentiment  0.917 0.277  0.607 0.516   0.310*** 
Star Rating  4.279 0.734  4.190 0.994       0.089 
Notes: *p < 0.1, **p < 0.05, ***p < 0.01. Statistical significance for differences is based 
on t-tests. SD denotes standard deviation. Significance is preserved applying a regres-
sion analysis including all controls. 

 
Beyond informativeness, GenAI may further affect the written reviews, potentially im-
pacting the effectiveness in informing consumer purchasing decisions. Prior research 
finds that text written using GenAI is more grammatically refined and complex than 
human writing (Herbold et al. 2023). As linguistic complexity impairs comprehension, 
this could reduce the effectiveness of the review (Ghose & Ipeirotis, 2011; Korfiatis et 
al. 2012). Thus, we assess linguistic complexity of reviews by calculating the Gunning 
Fog Index. An index incorporating sentence length and advanced vocabulary propor-
tion to estimate the required years of education for comprehension. Results suggest that 
reviews written using GenAI require more than 15 years of education to be easily com-
prehensible, compared to about 10 years for reviews written not using GenAI. A t-test 
reveals a significant increase in linguistic complexity (p < 0.01; see Table 3, row 2). 

Sentiment constitutes another crucial dimension of reviews informing consumer pur-
chasing decisions (Yin et al. 2014). Importantly, texts written using GenAI often adopt 
a more positive sentiment (e.g., Hohenstein et al. 2023). To analyze whether this ex-
tends to reviews, we employ the VADER sentiment analysis framework (Hutto & Gil-
bert, 2014), which rates textual sentiment from -1 (negative) to +1 (positive). The re-
sults reveal that reviews written using GenAI tend to be very positive, with a sentiment 
score of 0.917 compared to 0.607 for reviews written without GenAI. A t-test supports 
a significant increase in sentiment (p < 0.01; see Table 3, row 3). To determine whether 
this shift in sentiment stems from more positive product experiences among reviewers 
using GenAI, we analyze the star ratings associated with their reviews. Reviewers using 
GenAI and not using GenAI both rate their experience with around four stars (see Table 
3, row 4). According to a t-test, there is no significant difference in the star ratings (p > 
0.1), suggesting that the shift toward more positive sentiment is predominantly textual. 

6 Discussion and Conclusion 

Our study contributes to the literature by integrating cognitive load theory (Sweller et 
al. 1998; Sweller et al. 2011; Sweller et al. 2019) into the context of review writing 



using GenAI. In doing so, we extend prior research and provide a theoretical basis for 
understanding how using GenAI affects reviewers’ perceived cognitive load. In this 
sense, our findings suggest that using GenAI reduces reviewers’ perceived cognitive 
load. However, contrary to cognitive load theory, which posits that decreasing cogni-
tive load should free cognitive resources to enhance performance in other demanding 
parts of a task, such as recalling diverse product experiences, we do not find evidence 
supporting cognitive load as a mediator for the informativeness of reviews. One possi-
ble explanation is that not all reviewers allocate the newly freed cognitive resources 
from using GenAI in the same way. Some reviewers may reinvest these resources to 
provide more aspects of their product experience, while others, already satisfied with 
their input, do not. Alternatively, reviewers might allocate these cognitive resources 
towards evaluating and adapting the GenAI-generated text to better fit their require-
ments (Lee et al. 2025), rather than using them to recall and analyze additional product 
aspects. Both explanations disrupt the anticipated mediation pathway that follows cog-
nitive load theory. Nevertheless, GenAI could still enhance the informativeness of re-
views through other means. Thus, our results indicate a direct effect of GenAI on the 
informativeness of reviews, despite the absence of an indirect effect mediated by per-
ceived cognitive load. In conclusion, we contribute to literature by finding that using 
GenAI can increase the informativeness of reviews. Further, we lay an important theo-
retical foundation for understanding the cognitive processes associated with using 
GenAI in review writing. 

The findings of this study also contribute valuable insights for practitioners, high-
lighting the potential implications of using GenAI to support review writing. Using 
GenAI can increase the informativeness of reviews, by addressing a broader range of 
product aspects and diverse topic coverage. Consequently, consumers stand to benefit 
from a broader informational base when informing purchasing decisions. However, 
alongside these benefits, our results uncover critical concerns that practitioners must 
address. Reviews written using GenAI exhibit a significantly higher linguistic com-
plexity, corresponding to approximately 15.9 years of education. In contrast, reviews 
written without GenAI exhibit a complexity level equivalent to around 10 years of ed-
ucation, aligning more closely with the average reading level of the general population 
(OECD, 2024). This gap raises accessibility concerns, as many consumers may find it 
difficult to fully comprehend the more complex language of reviews written using 
GenAI. As a result, even with their increased informativeness, the practical value of 
these reviews may be diminished. Digital platform providers should therefore consider 
implementing strategies to ensure that the added informativeness does not come at the 
cost of accessibility, such as simplifying GenAI outputs, offering user-specific reada-
bility options, or integrating summaries tailored to a broader audience. Moreover, our 
findings reveal that reviews written using GenAI tend to express a more positive senti-
ment, even though there is no corresponding change in star ratings. This observation 
suggests that negative aspects of the product experience are understated if the textual 
sentiment of the additional aspects added to the review appears more favorable than the 
actual product experience. Such a shift presents risks for consumers, who may be mis-
led by the diverse aspects evaluated in the review. To mitigate these concerns, digital 
platform providers must implement strategies such as GenAI detection mechanisms that 



flag review writing using GenAI or develop guidelines to account for sentiment shifts. 
Another approach is to integrate review summaries into their digital platforms, which 
can benefit from the increased informativeness of reviews while mitigating sentiment 
shifts and linguistic complexity. 

Our study has some limitations, which serve as valuable starting points for future 
research. First, our study focused on the review writer’s perspective, although using 
GenAI leads to more informative reviews, future research should analyze whether the 
reviews also effectively support consumers in informing their purchasing decisions. 
Second, we evaluated using GenAI in a controlled online experiment within the context 
of restaurant reviews. This approach allowed for the careful isolation of effects, but it 
did not fully replicate real-world conditions. While we controlled for the recency of the 
last visit, reviews are often written immediately after an experience, and our experi-
mental design may not fully capture the nuances associated with in-the-moment review 
writing. Further, we evaluated the effects of using GenAI for only one product category, 
but the effects may vary across different products (e.g., electronics). Thus, future re-
search should examine using GenAI in real-world settings and investigate whether our 
results generalize to other products. Third, we focused on a single GenAI model. This 
choice enabled an exploration of review writing using GenAI, but different GenAI 
models can vary in text generation, originating from their training data (Zemke et al. 
2025). Therefore, future research should replicate this study with other GenAI models 
(e.g., Google Gemini) to underscore our findings. Fourth, although we find that using 
GenAI reduces the perceived cognitive load and increases the informativeness of re-
views, our results reveal no mediation effect. This finding contradicts assumptions from 
cognitive load theory and suggests that additional factors must be considered. There-
fore, future research should replicate the experiment and focus on other influencing 
factors to further understand how using GenAI affects the informativeness of reviews. 
Fifth, we aimed to understand how using GenAI affects the informativeness of reviews 
in general. Hence, we embedded ChatGPT into Yelp’s review template to ensure that 
all reviewers’ inputs and GenAI outputs were collected. As this approach shows prom-
ise in supporting reviewers in writing more informative reviews, future research should 
follow the design science research paradigm and develop a refined GenAI review tem-
plate. This can include tailored prompt designs and strategic integration of design fea-
tures. The resulting artifact can combine the advantages of using GenAI, such as in-
creased informativeness, with the reduction of potential drawbacks. 

In summary, the objective of this study is to investigate how using GenAI affects the 
informativeness of reviews. To this end, we conducted an online experiment in which 
reviewers either wrote a review using GenAI or not. Our findings reveal that using 
GenAI reduces reviewers’ perceived cognitive load (H1). Additionally, our results con-
firm that using GenAI increases the informativeness of reviews. However, contrary to 
our expectations, we find that cognitive load does not mediate the relationship between 
using GenAI and the informativeness of reviews (H2). Finally, additional analyses of 
the reviews suggest that using GenAI affects reviews beyond informativeness. Specif-
ically, reviews written using GenAI exhibit an increased linguistic complexity and tend 
to have a more positive sentiment. These findings contribute to both theory and practice 
and call for further investigation by future research. 
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