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Abstract—In recent years, growing social media and e-
commerce has underscored the necessity of evaluating seller-
customer relations. The online review system is one way to
assess this relationship. However, the trustworthiness and quality
of these reviews, especially incentivized ones, remains a con-
cern. To address online review quality, this study evaluates the
credibility and consistency based on the volume, length, and
content of online reviews. The study tends to distinguish between
incentive and organic reviews, discover the impact of incentives
on customer review behavior, and consequently on improving
review quality as a pivotal determinant in purchase decision-
making. To confront these problems, experiments were conducted
using software product reviews collected from software review
websites, including Capterra, Software Advice, and GetApp.
EDA results highlight the significance of review features such
as cost, customer support, ease of use, and product features.
The indirect impact of companies’ size based on the number
of employees, the direct impact of users’ experience, and the
different impacts of changing situations during years on the
volume of incentive reviews are major findings of sentiment
analysis. The A/B testing results indicate the range of having
no impact to the less impact of incentive reviews on purchase
decision-making regarding different review scores. We also find
lower credibility, less consistency regarding volume and length,
and more consistency regarding content within incentive reviews.
This study suggests the necessity of potential contributions among
companies to improve the quality of online review systems.

Index Terms—incentive, organic, online reviews, review quality,
decision-making, A/B testing

I. INTRODUCTION

Recently social media revolutionized e-commerce by trans-

forming how to assess seller-customer relationships. Among

the critical factors in online purchasing decisions, including

electronic word-of-mouth (eWOM), the price, and the web-

site/business’s reputation, online reviews, a form of eWOM,

are specially crucial for shoppers decision-making [1]. Re-

views categorize based on criteria. One categorization refers

to ranking products or services by customer sentiment in-

cluding positive, negative, and neutral. Another categorization

is based on reviews’ writing criteria such as experience and

monetary rewards denotes reviews as organic (no incentive

or non-incentivized), incentive, or fake. Despite organic/non-

incentivized reviews [2]–[4] that are based on real experiences

and free from external motivation or incentives, some individ-

uals may be tempted with rewards to write either incentivized

reviews reflecting their actual product purchases [2], [3],

[5]–[9] or fake reviews [7], [10], [11] lacking experiential

foundation.

Delivering accurate information through the online review

system is vital for informed purchases and reducing bias in ex-

isting seller-provided descriptions [5]. Online review systems

face the major challenge of obtaining truthful and high-quality

responses from agents [12]. Factors such as social presence can

mediate the relationship between online review language style

and consumers’ purchase intention [13]. Although businesses

can save money while receiving organic reviews [1], many

customers ignore posting the reviews. A direct relationship

between the number of reviews and sale [6] encourages sellers

to offer monetary rewards for honest reviews to boost both

review count and product rating [14], [15] while reducing

bias. Incentivized reviews affect customer satisfaction [2].

Incentives can impact consumers’ expressions and increase

positive emotions in reviews [6], which influence purchase

intention, trust and satisfaction [1].

However, the sensitivity of offering incentives may have a

positive or negative effect [3] with possible results of negative

reviews being seen as more credible reviews [16]. High

volume of online reviews for a product can cause confusion,

misinformation, and misleading [7] purchase decision, which

harming trust and truthfulness of the reviews. Sellers’ guidance

for high-quality reviews has gaps. Not all positive/negative

reviews are accurate, and customer satisfaction does not al-

ways align with review sentiment. Thus, customer behavior

[17]–[19] toward posting product purchase reviews influences

review quality. Improving review quality [3] enhances trust,

assisting purchase decision-making and facilitating valuable

contributions to the new review process.

This study aims to assess the impact of incentives on

customers’ posting review behavior and review quality by ex-

amining the difference between incentive and organic reviews.

Furthermore, the study will utilize both existing evidence

on review quality along with information gained from this

research to propose novel approaches for enhancing review

quality reflecting on the credibility [20]–[23] and consistency

[24]–[30] of the reviews while considering the impact of

customers’ purchase review behavior. Credible online reviews

positively impact the hedonic brand image [21]. Despite the
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alarming message by negative reviews, they are not inherently

more credible than positive reviews [23]. Source credibility

moderates the relationship between review comprehensiveness

and review usefulness [20], [22]. Consistency can impact

credibility of the review as consistent review can be either high

or low quality review [28]. Consistency in content negatively

impacts informational influence [24] and review helpfulness

[25], [26], while positively affects online reviews credibility

[29]. Depends on the study, review consistency may positively

impact review usefulness [27] and brands attitudes [30]. In

this study, we focus on assessing online reviews credibility

and consistency based on their volume, length, and content.

To achieve this goal, we design two research questions:

1) What are the significant differences between incentive

and organic reviews?

2) How do incentives impact on customers’ behavior on

posting purchase’s review, and as a result, on purchase’s

review quality, with impact on purchase decision-

making?

We performed Exploratory Data Analysis (EDA) on various

data set features pertaining to the “incentivized” status. Ad-

ditionally, we conducted EDA analysis on sentiment analysis

of review text to distinguish between incentivized and organic

reviews. Furthermore, We applied A/B testing on review rating

scores, and as the ultimate goal, examined the impact of

incentives on customers’ purchase decision-making.

To the best of our knowledge, previous studies have not

discovered the effect of company size and years of user

experience as contributing factors. Moreover, our analysis

of software reviews yields valuable insights for enhancing

purchase reviews and more specific software reviews that

generates more targeted guidelines to enhance overall review

quality.

The article’s structure is as follows: Section II presents

related work, follows by Methodology in Section III. We

present our results in Section IV, and further discussion in

Section V. The article concludes in Section VI.

II. RELATED WORK

Previous investigations have shown that trust in online

reviews is equivalent to trust in friends’ recommendations [31].

Therefore, this study reviews the variance between organic

and incentivized reviews, their impact on customer behavior,

review quality, and customer decision-making.

A. Incentive vs. Organic

Online reviews impact purchase intention; therefore, the

relationship between online review stimulus and purchase in-

tention response is important to explore [1]. In the short term,

reviewers’ contribution and readability levels rise; however,

over time, review quality improves, leading to stabilization

of their numerical rating behaviors [8]. Study demonstrates

that incentives can enhance review quality [9]. Furthermore, in

accordance with the social exchange theory (SET), incentives

may motivate social behavior by considering the satisfaction

of individual needs, such as encouraging customers to write

online reviews [9]. Disclosing incentives maintains trust, re-

duces bias, boosts helpfulness and increases sales [10]. The

disclosure of intrinsic communication motives for writing

product reviews is more authentic and less betraying [32].

However, the impact of disclosing statements on product

quality judgment depends on either customers’ disclosure is

integral or incidental [33]. For companies, incentives increase

attracting customers’ attention [3] and products’ rate, reduces

products’ return, and contributes to companies’ success [9].

B. Incentive and Purchase Decision-making

Purchase decision-making considers complex situation us-

ing utility-driven systems to ease purchase decision-making

by providing more details [34]. Incentivized reviews boost

the effectiveness of efficient review signals to new customers

[35]. In addition, incentives make users more active [36] and

increase review writers by combining with social norm [4],

which makes review writing more enjoyable [6], and increase

review numbers [9]. Accordingly, incentives increase the vol-

ume and length of online reviews [4], [5]; and consequently

increase the volume of provided information to new cus-

tomers for better purchase decisions [4]. Moreover, according

to loss aversion theory, review valence is more influential

than review usefulness in the decision-making process [37];

therefore, incentive reviews impact purchase decision-making

as they increase valence [9] by increasing emotional words in

customers’ WOMs [5], [6]. Disclosing incentives is crucial

to prevent accuracy decrease and new consumer decision

misguidance [10].

On the other hand, existing studies have investigated the

importance of avoiding incentives. Offering and accepting

incentives can decrease trust as follows market norms, not

social norms that is a sign of human behavioral issues, raises

moral concerns, increases review fraud that undermines review

credibility, and establishes the interest between businesses and

review posters [11]. In addition, incentives increase biased

positive reviews [4]. Despite differing views [4], [5], incentives

may reduce user effort to write lengthy informative reviews

[38]. Moreover, customers who are uncomfortable receiving

incentives for their opinion may deliver negative reviews [4],

which are valuable [39].

C. Approaches of Identifying and Analyzing Incentive Reviews

Multiple studies explore the effect of monetary incentives

on online reviews’ quality and value using unique approaches.

Incentive reviews were identified using data mining tech-

niques considering the overall rating, helpfulness rate, re-

view length, and other factors. VADER algorithm was used

to improve model by incorporating review sentiment scores

[5]. A difference-in-differences analysis reevaluated reviewers’

behavior [8]. Counterfactual thinking approach investigated

incentives’ effect on online review publication likelihood and

valence in two experimental studies using a scenario approach,

replicating and extending results by considering customers’

satisfaction levels [9]. Machine-learning-based and dictionary-

based approaches assessed the impact of sending efficient
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signals by review [35]. To analyze incentives’ effect on

product attention, data manipulation and statistical tests such

as p-values and t-tests are used [3]. The stimulus-organism-

response (S-O-R) framework developed, and a component-

based structural equation modeling method ( Smart PLS)

used to assess online reviews and purchase intention rela-

tionships [1]. Extensive quantitative methods alongside the

mixed-method experimental studies were used to evaluate

review valence’s impact on decision-making [37]. Regression

models commonly used to assess reviews’ impact on decision-

making [34], that often incorporating methods like sentiment

analysis [10]. A multi-methodological research design of two

randomized experiments was utilized to test incentives’ impact

on reviews volume and length, and the potential bias in

purchase decision-making [4].

III. METHODOLOGY

We introduce approaches and techniques for data collection

and analysis in this section.

Fig. 1. A glance of the data from CACOO reviews 2022

A. Data Collection

Data was collected from software review websites, including

Capterra 1, Software Advice 2, and GetApp 3, that contain

user-revealed experiences. We gathered information from re-

view sections, including “Personal Information”, “Itemized

Scores”, “Review time & source”, and “Review text”, Fig. 1.

“Personal information” may include the customer’s name, the

name abbreviation or nickname, software use duration, and

more. The main focus of this study centers around “Itemized

scores”, which include Overall rating, ease of Use, features,

value for money, and likelihood to recommend. “Review time

& source” may include date and source; and the “Review

text” mostly focuses on the Pros and Cons. We scraped

1189 software product reviews from review websites using

1https://www.capterra.com/project-management-software
2https://www.softwareadvice.com/project-management
3https://www.getapp.com/customer-management-software/crm

Python code, selenium, and Beautiful Soup. The collected

review information includes title, description, pros and cons,

ratings, and review details such as name, date, company, and

prior product used. Overall 62,423 non-repetitive reviews were

gathered and stored in a CSV file containing 43 attributes.

B. Data Pre-processing

To pre-processed data for further analysis, we removed the

“None” values from “incentivized” feature, leaving 49,998

instances in the dataset. We kept null values in other attributes

to retain critical information. To binarize the “incentivized”

feature, we categorized “NominalGift”, “VendorReferredIn-

centivized”, “NoIncentive”, “NonNominalGift”, and “Vendor-

Referred”, into two groups. Respectively, the first two were

classified as “Incentive” and the last three as “NoIncentive”.

Following data pre-processing applied for sentiment anal-

ysis. Expanding contractions were used to replace the short

versions of the words with their complete forms to ensure

that each word is treated as separate tokens that can further

be analyzed individually. Non-alphabetic or non-numeric char-

acters, such as punctuation marks, were removed in the other

pre-processing step. Lemmatization used to increase sentiment

accuracy while decreasing text dimension by reducing words

to their base form, known as dictionary form. Tokenization

is used to break the text into words for accurate sentiment

prediction. Stop words such as “a” and “an” removed to

reduce computational resources, lower text dimensionality, and

improve sentiment analysis accuracy.

The data pre-processing followed by EDA analysis,

sentiment analysis, and A/B testing. Beside “incentivized”

feature, this study considers other attributes such as

“overAllRating”, “value for money”, “ease of use”,

“features”, “customer support”, “likelihood to recommend”,

“year”, “company size”, “time used”, “preprocessed pros”,

“ReviewDescription Sentiment”, “source”, “pros Sentiment”,

“preprocessed cons”, “preprocessed ReviewDescription”,

and “cons Sentiment”.

C. Data Analysis

1) EDA Analysis: We conducted EDA analysis to extract

information, understand dataset characteristics, and identify

variables’ relationships.

2) Sentiment Analysis: Sentiment analysis was used to

extract people’s opinions [40] and compare emotional tones

of incentive and organic reviews.

We used the HuggingFaceTransformers 4 for sentiment

analysis. The model limitation of 200-char prevented us from

combining all review texts (review description, pros, and

cons). Therefore, to determine overall sentiment, We indi-

vidually analyzed the sentiment of review texts and stored

the results in the dataset as “ReviewDescription Sentiment”,

“pros Sentiment”, and “cons Sentiment”.

As reviews rating scores reflect customers’ satisfaction,

Spearman’s correlation coefficient is used to measure the

4https://github.com/huggingface/transformers
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correlation between incentive and organic review rating scores

based on sentiment, considering the review description, “in-

centivized”, and sentiment status. To ensure accuracy, we

analyzed sample of 4,000 reviews per review category and

determined the 95% confidence interval (CI) using the z-test.

3) A/B Testing: A/B testing, a popular controlled exper-

iment, known as split testing was conducted considering

two alternatives, “Incentive” as (A) and “NoIncentive” as

(B). Customer reviews were analyzed using “Incentive” and

“NoIncentive” values to test the null hypothesis for significant

difference between the two groups. The mean difference was

measured between control and experimental groups using

10,000 repetitions. We ran six A/B tests comparing incentive

and organic reviews across six rating attributes including

“overAllRating”, “value for money”, “ease of use”, “fea-

tures”, “customer support”, and “likelihood to recommend”.

IV. RESULTS AND ANALYSIS

A. EAD Analysis results

After removing null values from “incentivized” feature,

the EDA analysis revealed that among 49,998 remaining

reviews, there are 44,255 Capterra, 3,485 Software Advice,

and 2,258 GetApp reviews. The reviews were categorized into

five groups including 29,466 “NominalGift”, 3,272 “Vendor-

ReferredIncentivized”, 16812 “NoIncentive”, 90 “NonNomi-

nalGift”, and 358 “VendorReferred”. The first two groups with

32738 reviews labeled “Incentive”, and the last three with

17,260 reviews labeled “NoIncentive”.

B. Sentiment Analysis Results

Assessing the “incentivized” status of rating scores revealed

more incentivized than organic reviews for scores 2 and

higher. Higher volume of zero scores for incentive reviews

led to decreasing product recommendation based on cost and

customer support, Fig. 2.

Fig. 3 displays the tremendous escalation in software review

volume, specific positive incentive reviews in 2018 and a sharp

decline in 2020, revealing that changing circumstances have a

greater impact on incentive than organic reviews. Rate increase

may be due to increased social media usage, greater rewards

for reviews, and genuine feedback posting. Declining review

volume may result from COVID-19, preventing incentivized

reviews, and decreasing customer trust caused by growing

awareness.

Experienced users, more than two years of experience, using

products tend to post positive and fewer negative incentive

reviews, likely due to product familiarity and preference for

benefits. Customers who use free trial post fewer reviews due

to a lack of experience and confidence, they still contribute to

post more incentive than organic reviews, Fig. 4.

Our study highlights that small companies with 11-50

employees, specific positive incentive reviews, have more

than 7000 reviews. However, companies with 5,001-10,000

employees have less than 510 reviews. The significant gap

between the number of incentive and organic reviews for

smaller companies compare to larger ones is due to easier

Fig. 2. Number of reviews for rating scores based on incentivized status

Fig. 3. Reviews over years by incentivized and sentiment status
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Fig. 4. Distribution of incentivized reviews by time used and sentiment

establishment and a higher likelihood of posting reviews,

Fig. 5.

Analyzing review text sentiment considering “incentivized”

status showed a higher incidence of positive sentiment in

reviews’ descriptions and pros, and negative sentiment in cons.

Regardless of the review sentiment, volume of incentivized

reviews is larger than organic reviews, Fig. 6.

Fig. 5. Distribution of incentivized reviews by company size and sentiment

Fig. 6. Number of review description, pros, and cons based on incentivized
and sentiment status

The word cloud is used to extract the top 20 words from

each review text focusing on “incentivized”. Considering sen-

timent status, the words such as “great” and “good” were

frequently used in positive incentive and organic reviews for

different review text, in addition to negative incentive and

organic reviews for review description and pros. However,

the top 20 words for negative incentive and organic do not

include any negative words as expected. This could be due to

removing negative words such as “not” as stop words, possibly

causing the omission of negative phrases like “not good”. Our

results support prior research as incentives increase positive

review length. Simultaneously, the volume of top 20 words

is larger for positive incentives than organic and smaller for

negative incentives than organic. Fig. 7 represents these results

for review description.

Furthermore, measuring the average length of incentive and

organic review descriptions based on the number of characters

and their sentiment status reveals longer negative organic

reviews, 153.91, than negative incentive reviews, 125.17.

However, positive incentive reviews are longer, 104.13, than

positive organic reviews, 96.45. These results are consistent

with previous studies, [4], [5]. Overall these results for both

negative incentive and organic reviews are higher than positive.

Fig. 7. Review description top 20 words based on incentivized and sentiment
status

Our results of testing “Spearman’s rank correlation coeffi-

cient” on review rating scores, considering 95% confidence

interval, indicate stronger correlation among organic reviews,

and more specifically, negative organic reviews, Fig. 8.

The highest correlation of 0.80 between “likeli-

hood to recommend” and “overAllRating” appears to be

influenced by high correlations between “overAllRating” with

both “features” as 0.78 and “ease of use” as 0.76, in addition

to the high correlation between “likelihood to recommend”

with both “features” as 0.73 and “ease of use” as 0.72.

Similar pattern with weaker positive correlations is seen in

negative incentive reviews. Moreover, correlation between

“features” and “ease of use”, considering various statuses,

supports the need for user-friendly software that provides

easier access to features. In addition, the significant correlation

between “value for money” and “customer support” for

negative reviews denotes weaker correlation for negative

incentive , 0.60, compare to negative organic reviews,

0.66. All z-test results show 95% confidence in significant
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Fig. 8. Correlation among review rating scores by incentivized and review
description sentiment status

correlations between review ratings due to p-values of zero.

C. A/B Testing Results

A/B test compared incentive and organic reviews for dif-

ferent rating scores,Table I. Organic review have a higher

standard deviation (std) error for all rating scores despite

higher total rating scores for incentive than organic reviews.

For incentive reviews, lower std of “overAllRating” implies

the consistency among ratings, and lower std error proposes

a more precise estimate of the true mean. On the other hand,

Organic reviews outperform significantly based on a p-value of

0.0014, with an overall impact on customer decision-making,

indicated by the observed value of -0.0227. Cost-related

ratings for organic reviews have a higher mean rating, and

lower std that represents less variation in the rating. A P-value

of 0.0000 indicates a significant difference between the two

groups, and regarding the cost-related rating of the software re-

views, incentives may not affect customers’ decisions. In terms

of ease of use, incentive reviews are rated higher. However,

there is no statistically significant difference between incentive

and organic reviews due to a p-value of 1.0000. Therefore, the

observed value may not reflect true values, indicating insignif-

icant impact of incentives on customer decision-making. For

software review features, incentive reviews have a higher mean

and consistent rating. Although the observed value of 0.1744

points to the difference between the two groups, the p-value of

1.0000 indicates no statistically significant impact of incentive

reviews on customer decision-making. As discussed, customer

support is essential for any product and its rating score shows a

negative observed difference, meaning organic reviews have a

higher average rating than expected. The significant difference

between incentive and organic is because of the negative

impact of incentive reviews on customer decision-making. The

results of the customer’s willingness to recommend products

indicate more variability in organic review ratings. However,

regarding willingness to recommend, the p-value of 1.0000

reveals no significant difference between groups, so it may

not impact decision-making.

V. DISCUSSION

In this section, we compare incentive and organic reviews,

addressing the first research question, followed by answering

the second research question by discussing the impact of

incentives on customers’ behavior toward posting reviews,

review quality, and purchase decision-making.

A. Incentive vs. Organic

The analysis results prove that incentive reviews have more

positive descriptions and pros, more negative cons, higher

ratings, and minority with lower scores. Despite organic re-

views, the volume of incentive reviews has changed dramat-

ically over the years, revealing the dependency on various

factors, including environmental situations (e.g., pandemics

and economic problems). In addition, companies may shift

their encouragement plan from offering incentives to focus on

improved advertising, information sharing, consumer aware-

ness, and distrust of review authenticity. The incentive volume

can grow by growing social platforms, improving customer

experience, and expanding smaller companies. Based on the

result of A/B testing, incentive reviews have the higher sum

of the “total rating” and lower std error for all rating scores.

Overall rating is more consistent for incentive reviews.

B. Incentive Review and Customer Behavior

To answer “How do incentives impact customer behavior

on posting purchase’s review?”, we rely on our findings from

the first research question.

The analysis proves that incentives boost reviews, as the

volume of incentive reviews is almost double to compare with

organic reviews. Reviewers tend to rate the reviews positively,

despite providing negative feedback. Higher sum of rating

scores for incentive reviews compare to organic reviews indi-

cate customers are more likely rewarded for posting positive

reviews.

The dramatic alteration in the distribution of incentives

over the years proves rewards as review posters’ motivation.

Over time, factors like commerce, economy, social networks,

environmental issues, and technology can reduce, restrict, or

eliminate incentives from the business platform, causing users

to post fewer reviews. Despite massive changes in volume over

the years, incentive reviews consistently outnumber organic

reviews indicating the impact of incentives on customers’

review behavior toward posting reviews. Small businesses may

incentivize individuals to write incentive or fake reviews to

compete in the business world and increase profits. The bet-

ter product understanding enhances incentive reviews quality

and quantity. Furthermore, customer support quality impacts

product cost satisfaction for many customers.
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TABLE I
THE STATISTICAL VALUES AND RESULTS OF A/B TESTING

Attribute incentivized total sum total rating mean value std std error observed difference empirical P
overAllRating NoIncentive 17260 77620 4.497 0.913 0.007 -0.0227 0.0014

Incentive 32738 146484 4.474 0.702 0.004
value for money NoIncentive 17260 62773 3.637 1.916 0.015 -0.2963 0.0000

Incentive 32738 109366 3.341 1.965 0.011
ease of use NoIncentive 17260 71335 4.133 1.350 0.010 0.1455 1.0000

Incentive 32738 140070 4.279 0.890 0.005
features NoIncentive 17260 71533 4.144 1.329 0.010 0.1744 1.0000

Incentive 32738 141390 4.319 0.815 0.005
customer support NoIncentive 17260 63113 3.657 1.954 0.015 -0.5050 0.0000

Incentive 32738 103178 3.152 2.060 0.011
likelihood to recommned NoIncentive 17260 132317 7.666 3.431 0.026 0.1766 1.0000

Incentive 32738 256756 7.843 2.685 0.015

However, some users are discouraged from writing incentive

reviews when they become aware of the potential for biased

or suspicious content.

C. Incentive Review and Review Quality

Based on the analysis, higher volume of incentive reviews

displays lower credibility and higher bias as they may contain

non-experience-based information aimed at boosting review

quantity and rating. A greater volume of incentive reviews

for smaller companies may indicate bias and fake reviews,

reducing credibility and consistency of the review quality.

Although reviews from experienced users are more credible,

those who receive incentives for their reviews tend to be less

consistent in their rating compared to organic reviews, due

to a significant increase in positive incentive and decrease

in negative incentive reviews. In terms of cost and customer

support, the significant number of zero rating scores for

incentivized than organic reviews proves that incentives do

not always increase positivity. Incentive and organic reviews

show similar zero-rate volumes for recommendation likeli-

hood, indicating greater consistency in organic reviews. Higher

negative-to-positive cons ratio than positive-to-negative pros

ratio, even for incentive reviews, suggests customer sensitivity

to writing negative feedback, increasing the credibility of

negative reviews. Negative software review ratings correlate

more strongly than positive ratings, which may support that

negative reviews are often more credible [16]. Based on the

evidence, incentive reviews show inconsistent volume.

Furthermore, high volume of top 20 words in positive incen-

tive reviews suggests a possible bias and reduced credibility

compare to organic reviews. In comparison, the higher volume

of these words in negative organic reviews indicates more

detailed reviews, increasing credibility of organic reviews.

Longer negative organic review descriptions that provide more

information and detail reveals higher credibility and lower

bias, outweighing incentive reviews.

To this point, our discussion on review credibility and

consistency mainly focuses on reviews volume and length.

Higher sum of rating scores for incentive reviews, consid-

ering different rating scores statistical values, may indicate

motivated posting reviews for rewards, raising credibility con-

cern. Offering rewards for incentive reviews reduces diversity

and increases consistency in review content, despite organic

reviews.

D. Incentive Review and Purchase Decision-making

Higher incentive review volume points to focusing more

on the overall rating and quantity over review content.

Therefore, lack of accurate and comprehensive view of the

products/services, cause less consistency in incentive reviews,

resulting in lower credibility and uninformed purchase de-

cisions. Willingness to post positive incentivized reviews,

based on the higher sum of all rating scores, may indicate

excessive positivity, impacting customers’ purchase decision.

Referring to observed differences and p-values from the A/B

testing results, incentive reviews have less impact on customer

purchase decision based on their overall rating, may not

impact customer purchase decision regarding software cost and

software features, and have no significant impact on decision-

making based on easiness of use. In addition, incentive reviews

negatively affect customer decision-making, as shown by the

customer support score evaluation.

E. Implications of the Study

Despite existing studies, our approach distinguishes our

work by evaluating incentive reviews quality differently. We

used EDA, sentiment analysis, and A/B testing to compare

incentive and organic reviews quality and determine the impact

of incentives on customers’ behavior for posting reviews. Al-

though incentive software reviews outnumber organic reviews

by almost two-fold, this could be changed in either increasing

or decreasing direction due to factors such as time, business

platform and size, and user awareness and experience. Factors

such as cost, software features, ease of use, and customer

support impact software product ratings of either incentive or

organic reviews. This is due to the high correlation between

these features or with software’s overall rating and recommen-

dation. Furthermore, our A/B testing shows that high volume

and rating of incentive reviews may not significantly affect

customer purchase decisions.

Our findings could guide enhancing software review quality

to improve software products and recommendation systems

that aid purchase decision-making.

166

Authorized licensed use limited to: University of North Texas. Downloaded on August 30,2023 at 21:53:42 UTC from IEEE Xplore.  Restrictions apply. 



VI. CONCLUSION AND FUTURE WORK

Studies may have opposing results for the same situation

due to differences in population under study, research methods,

and approaches used. For instance, Woolley & Sharif (2021)

[6] highlights more enjoyable writing reviews with incentives,

while Garnefeld et al. (2020) [9] emphasize incentives role

in increasing the review rate. However, Burtch et al. (2018)

[4] remark the delivering negative review by incentivized

customers. While our findings support some of the existing re-

search, the emergence of these opposing findings underscores

the need for further investigation across diverse populations of

various sizes and cultures. It is imperative to examine different

methods and approaches to reach broadly applicable outcomes

to improve the quality of online review systems. Potential

collaborations among companies can achieve such outcomes.

A. Strengths and Limitations

This study has broad applicability across various research

domains and is not restricted to the fast-growing world of

reviews. Increasing business growth and product diversity

intensifies producer competition for sales to companies, which

in turn sell products to consumers. This highlight the necessity

of accessing high-quality reviews. This highlights the need to

access high-quality reviews. Our study has the potential to

enhance the performance of product review systems, boosting

customer satisfaction and efficiency by saving time and money.

Moreover, our unique contribution to the review quality

study that achieves by focusing on software review quality,

specifically incentive reviews, distinguishes our work from

existing research in the field.

While this work has several strengths, it also exhibits some

weaknesses. Current methods cannot accurately determine

review sentiment due to the subjective nature of reviews, which

involves human emotion and expressions. A large dataset

prevents using human power to annotate reviews sentiment.

Even human annotation does not ensure result accuracy due

to potential human error. On the other hand, due to inability

to recognize emotions and expressions, automated annotation

falls short in achieving higher accuracy.

Additionally, the model’s constraint limited our sentiment

analysis to analyzing only up to 200 characters. Therefore, our

model may have missed important aspects of some reviews as

their length exceeded this limitation.

B. Future Work

We analyzed purchase review differences and assessed

review credibility and consistency to evaluate the influence

of incentive reviews on customer decision-making. We as-

sessed review quality before studying its influence on purchase

decisions. We discussed research problems and our findings

through EDA on sentiment analysis and A/B testing. However,

for future work, we plan to survey software reviews to gather

and analyze information from new users, considering the sub-

jectivity of online review and purchase decisions. Additionally,

We plan to explore review quality dimensions that affect

purchasing decisions, specifically objectivity [41], [42], depth

[43], [44], authenticity [45], [46] and ultimately, helpfulness

[47], [48], taking into consideration the incentivized status of

the reviews. This will allow us to compare users’ perspectives

on incentive reviews’ quality and their impact on purchase

decisions.
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