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Abstract—Mobile applications are often used by an interna-
tional audience and therefore receive a high daily amount of user
reviews from various countries. Previous work found evidence
that app store reviews contain helpful information for software
evolution processes. However, the cultural diversity of the reviews
and its consequences on specific user feedback characteristics
has only been researched to a limited extent so far. In this
paper, we examine the influence of two cultural dimensions,
Individualism and Uncertainty Avoidance on user feedback in
Apple app store reviews written in different languages. For
this purpose, we collected 647,141 reviews from eight countries
and written in five languages over a period of six months. We
then used manual content analysis and automated processing
to examine a sample of 3,120 reviews. The results show that
there is a statistically significant influence of Individualism and
Uncertainty Avoidance on user feedback characteristics. The
results of this study will help researchers and practitioners to
reduce algorithm bias caused by less diversified training and
test data and to raise awareness of the importance of analyzing
diversified user feedback.

Index Terms—User Feedback, App Reviews, Culture, Individ-
ualism, Uncertainty Avoidance, Software Evolution

I. INTRODUCTION

Due to the emerging developments in the mobile phone
sector, the market for mobile applications is increasingly
growing and offers developers opportunities to create low-
cost products. However, this growth has also led to a highly
competitive market [1]. Thus, it is crucial for developers
to consider user feedback when developing and evolving
software. In 2019, 1.84 million mobile applications (apps)
were available in the Apple app store [2]. Each app in widely
used app stores has a review and rating function, making
it possible for users to give feedback. Previous work found
that app reviews contain valuable information for software
evolution, such as bug reports or feature requests [3] and that
developers regularly consider this feedback [4].

In large app stores such as the Google Play or Apple app
store, about 65% of the apps are downloaded internationally
[1]. Software features, as well as app preferences and usage by
users from various countries differ [5]. Aligned to this, users
may stop using an app if it frequently contains bugs or lacks
necessary features [5]. In addition, research found that there
are cultural differences among both developers’ and users’
behavior pertaining to software use and development e.g., [6],
[7]. These results raise the question of the cultural influence
on user feedback. If user feedback is culturally influenced,

app developers may rely too much on user feedback from
certain cultures and therefore, unknowingly have a competitive
disadvantage in cultures that value other software features. If
there is no adequate alternative, users only have the choice
between using an app that does not meet their requirements
or not using such an app at all. Until now, most approaches for
automatically processing user feedback e.g., [8], [9], [10], [11],
[12] have used reviews stemming from the US and written in
the English language. Not considering cultural differences in
user feedback could lead to algorithm bias when designing,
testing and validating approaches for its automatic processing.
Thus, the importance of considering culturally diverse user
feedback is essential for users, practitioners and researchers.

Despite the potential influence of cultural differences on
user feedback, there are few studies that have investigated
this topic. To our best knowledge, only one study exists
that has looked at the impact of culture in reviews written
in English [13]. However, this work did not examine app
reviews written in different languages and only investigated
certain cultural dimensions. We address this gap in our current
work, which reports on a study analysing cultural differences
in reviews written in different languages. For this purpose,
we used a well known cultural model [14], that has been
widely used in the study of cultural differences in the software
engineering context [15]. In our work, we focus on two cul-
tural dimensions: Individualism and Uncertainty Avoidance.
In our previous work [13] on cultural differences on app
reviews, we did not investigate this point, as only countries
with similar Uncertainty Avoidance scores were selected. Our
current work sheds some light on this aspect by focusing
on the analysis of countries with different Individualism and
Uncertainty Avoidance scores.

For the analysis, we extracted 647,141 reviews from eight
different countries and 15 mobile applications in five lan-
guages (Chinese, English, French, German and Spanish), writ-
ten in a six month period. We manually analyzed a sample of
3,120 reviews and then further investigated the results through
statistical tests 1.

This work contributes to the cultural research of user
feedback for software evolution processes in several ways.
To our best knowledge, we are the first to examine cul-

1Our replication package can be found here:
https://doi.org/10.6084/m9.figshare.13864295



tural differences (in particular Individualism and Uncertainty
Avoidance) in user feedback characteristics in app reviews
from various languages. Moreover, our study is the first to
investigate the impact of the Uncertainty Avoidance cultural
dimension on user feedback characteristics. Furthermore, we
examine cultural differences in user feedback characteristics
from unpaid and paid apps and thus, broaden the knowledge
in this field. Lastly, we are the first to study cultural differences
in user feedback characteristics in Apple app reviews for apps
that are not only headquartered in the USA.

This study can help software developers to better understand
their gathered user feedback and adjust their collection meth-
ods to a global distributed audience. Furthermore, it raises
awareness of cultural differences in user feedback and the
resulting potential bias in algorithms that were designed, tested
and validated with Apple app store reviews.

II. BACKGROUND WORK

A. Software Evolution

Prior work found evidence that app store reviews contain
valuable information for software evolution, such as feature
requests or bug reports [3]. Subsequently, several researchers
developed approaches to classify, summarize and rank app
reviews but used mostly English written reviews for this
purpose e.g., [8], [9], [16]. Few research has investigated
differences in reviews from various countries. Previous
work found, for example, that users from Australia, Canada
and Japan prefer not to rate apps, while Chinese users
rate apps more likely than users from different countries
[5]. Additionally, existing research used a random forest
algorithm to find factors that differentiate app reviews from
the US and other countries [17]. While some work proposed
approaches for the automatic processing of reviews written
in different languages, e.g., [18], [19] there is relatively few
work in this direction. Guzman et al. [13] first investigated
the question of cultural differences regarding user feedback
in app store reviews. Focusing on eight countries and
seven applications, this work found correlations between
different cultural dimensions— Indulgence, Power Distance,
Individualism— and various characteristics of reviews
(sentiment, text length, rating, gender and content) in unpaid
mobile applications. However, they only chose countries
that have similar Uncertainty Avoidance indexes as well as
reviews only written in English. We address this research gap
in our current work and thus extend our previous work.

B. Culture

Culture is often seen as ”the collective programming of
the mind which distinguishes the members of one group or
society from those of another” [20]. In our work we use
Hofstede’s well known cultural model [14] to analyze cultural
differences in Apple app reviews. He surveyed employees
of a big company operating in 40 countries. Based on the
employees’ answers, Hofstede constructed several cultural
dimensions. Every analysed country got a specific score for

each cultural dimension assigned [14]. Within the scope of this
study, Hofstede discovered that there are four dimensions—
later, six dimensions— with which cultural differences can be
explained. Although other cultural models exist, we assume
that Hofstede’s cultural model fits the most since it has been
validated many times and focuses on cultural values that can
potentially influence users’ actions (see [21] for examples).
Also it is the most widely used model in software engineering
contexts [15]. Hofstede’s six dimensions are [22]:

• Power Distance: the degree to which people in a society
accept that power is not equally distributed.

• Uncertainty Avoidance: the degree to which members of
a specific culture desire to know things that might occur
in the future.

• Individualism/Collectivism: the degree to which indi-
viduals take care of themselves and a group of people.

• Masculinity/Femininity: the degree to which values that
are assigned to the male or female gender are exhibited
in a culture.

• Long-/Short-term Orientation: the degree to which
someone considers the distant future or only the near
future and recent past.

• Indulgence: the degree to which people in society can
freely enjoy their lives and acknowledge happiness.

In our study, we focused only on Individualism (IDV) and
Uncertainty Avoidance (UA) because Individualism, Uncer-
tainty Avoidance and Power Distance are the most frequently
used cultural dimensions in information systems [21]. Among
these, Individualism is considered to be the most important
cultural dimension for explaining differing human behavior
e.g., [23], [24]. Power Distance and Individualism are highly
correlated (r=-0.67). Using both dimensions could, potentially,
lead to multicollinearity and thus, we did not investigate Power
Distance.
Previous research found that Uncertainty Avoidance can play
a role in differing user behavior (see [21] for examples).
However, previous work [13] on user feedback in app reviews,
did not consider this cultural dimension, as only countries
with similar Uncertainty Avoidance scores were selected.
Therefore, we focus on this dimension in this study.

III. HYPOTHESES

Building upon existing literature, we developed our research
hypotheses using common user feedback characteristics such
as text length, rating, sentiment and content categories.

Text length Previous work found that people from individu-
alistic cultures tend to be more direct [24], [25]. Furthermore,
people from collectivistic cultures do not explain their ideas
as much as individualistic cultures because they are assuming
that it is clear from the context [26]. This point could be
reflected in the length of the reviews. The assumption of
varying text length is supported by previous studies on cultural
differences in Amazon reviews, e.g., [27]. They found that
users from the US (high Individualism) write longer reviews
than Chinese users (low Individualism). This is aligned with
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previous research results that showed a positive correlation of
text length with Individualism [13].

H1: Users from individualistic cultures give more
feedback as measured by the length of the review text
compared to users from collectivistic cultures.

Research has shown that cultures with high Uncertainty
Avoidance have higher privacy concerns compared to low
Uncertainty Avoidance cultures [28], [29]. This could lead to
users from high Uncertainty Avoidance cultures writing less in
order to disclose less from their data. Based on these previous
findings, we formulate the second hypothesis as follows:

H2: Users from high Uncertainty Avoidance cultures
give less detailed feedback as measured by length of
review text compared to users from low Uncertainty
Avoidance cultures.

Rating and Sentiment Previous work found that collec-
tivistic cultures seek to have good relationships with group
members [30] and seek to preserve harmony [26]. Other work
has shown that individualistic cultures tend to express their
emotions more often in reviews [31], [32]. Moreover, they
discovered that individualistic cultures deviated more from
previously given reviews which could also have an impact on
the review rating and sentiment by making them more diverse
[31]. Previous work examined Booking.com2 reviews and
found that individualistic cultures give fewer positive ratings
than users from collectivistic cultures [33]. Based on these
findings, we hypothesize that feedback from collectivistic
cultures is more positive in terms of rating and contains
less emotions. Since emotions in reviews can, potentially, be
expressed in a high fluctuation in ratings as well as sentiment,
we formulate three hypotheses in this respect:

H3a: The review sentiments from users from individ-
ualistic cultures fluctuate more than from users from
collectivistic cultures.
H3b: The review ratings from users from individu-
alistic cultures fluctuate more than from users from
collectivistic cultures.
H3c: Users from individualistic cultures give lower
ratings compared to users from collectivistic cultures.

People from high Uncertainty Avoidance cultures tend to
show less tolerance regarding others, and be more extreme
and conservative [26]. Considering these two aspects, reviews
from users who come from a high Uncertainty Avoidance
culture could report matters in a more extreme and less
tolerant way, which might have a negative impact on the rating
of the app. For instance, previous work found that Chinese
consumers tend to give higher ratings than US consumers
since they have a lower Uncertainty Avoidance index [27].

2https://www.booking.com/index.de.html

In addition, researchers have already studied online reviews
from Booking.com and TripAdvisor3 and found that users
from high Uncertainty Avoidance cultures give lower ratings
than users from low Uncertainty Avoidance cultures [33], [34].
Assuming a similar behavior in the context of app reviews,
we hypothesize that users from high Uncertainty Avoidance
cultures giver lower ratings than users from low Uncertainty
Avoidance cultures.

H4: Users from high Uncertainty Avoidance cultures
give lower ratings compared to users from low Uncer-
tainty Avoidance cultures.

Content Category Previous studies found that people in
collectivistic cultures tend to write reviews about product
functionalities more frequently [32]. In addition, researchers
found evidence that individualistic cultures give more recom-
mendations than collectivistic cultures in the context of online
customer reviews [32]. This could mean that individualistic
cultures give proportionally more general complaints or praises
that are not useful for software developers to evolve their
software than collectivistic cultures. Therefore, we hypoth-
esize that individualistic cultures give less useful feedback
than collectivistic cultures. This underlying hypothesis is also
supported by the findings of previous work [13] that found a
negative correlation between Individualism and the feedback
usefulness.

H5: Users from individualistic cultures give less useful
feedback compared to users from collectivistic cul-
tures.

In this context, we refer to useful feedback as those that
contains information that can be used to improve the software,
i.e., a bug report, feature request or support request.
Uncertainty Avoidance cultures might want to know about
things that occur in the future more often and therefore
could submit more feedback to influence the evolution of
the software. Previous work has already shown that people
from high Uncertainty Avoidance cultures prefer to have more
control in strategic issues and that they associate control with
opportunities [35]. By submitting useful feedback more fre-
quently, users from high Uncertainty Avoidance cultures could
guide the software evolution in their desired direction and thus
gain more control. In addition, people from high Uncertainty
Avoidance cultures have a specific desire to achieve clarity
[22]. This assumption is underlined by the fact that previous
work found a positive correlation between the Uncertainty
Avoidance score and neuroticism [36]. They have shown in
other contexts that higher neuroticism is aligned with more
frequent feedback and higher feedback quality [37]. Based on
these aspects, we hypothesize that users from high Uncertainty
Avoidance cultures will submit more useful feedback than
users from low Uncertainty Avoidance cultures.

3https://www.tripadvisor.de/
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H6: Users from cultures with high Uncertainty Avoid-
ance scores give more useful feedback compared to
users from cultures with low Uncertainty Avoidance
scores.

IV. STUDY METHODOLOGY

We tested the formulated hypotheses by conducting a man-
ual and automatic analysis on a sample of multi-lingual re-
views, stemming from culturally diverse countries. We use the
terms app review, review and user feedback interchangeably
for the remainder of this paper.

A. Analyzed Characteristics

We considered four user feedback characteristics in our
analysis. These characteristics have been used as input in
previous work for automatically classifying and prioritizing
user feedback e.g., [8], [9], [10], [11], [12], [38] and could lead
to algorithm bias, in case cultural differences would be present
and not taken into account. The considered characteristics are:

• Text length of the review: Character count for the review
text.

• Sentiment of the review: Affect expressed by the user
in the review. Can range from very positive, positive,
neutral, negative and very negative.

• Rating of the review: Users’ satisfaction with the re-
spective app. Can range from 1 to 5.

• Content of the review: The content category of the
review with respect to software evolution: bug report,
feature request, support request, noise and other.

B. Data Collection

We collected user feedback stemming from different coun-
tries. We selected these countries based on their previously
computed scores for Uncertainty Avoidance and Individual-
ism4. To take into account the possibility that Individualism
and Uncertainty Avoidance scores slightly change over time,
we consider the tendencies of the selected countries, instead
of their exact scores. If a country score was above 50, we
assigned a high value to the respective cultural dimension
and if it was below 50, we assigned a low value to the
respective cultural dimension score. The chosen countries had
Uncertainty Avoidance and Individualism scores that devi-
ated most from the threshold score of 50. However, some
exceptions were made if there was a lack of reviews and/or
manual annotators that were fluent in the respective language
during the given time frame. We included user feedback from
eight different countries: France, Germany, Mexico, Singapore,
Pakistan, People’s Republic of China, the USA and the UK,
and written in five different languages: Chinese, English,
French, German and Spanish. We chose two countries for each
Individualism and Uncertainty Avoidance cultural dimensional
group. Each cultural group is composed by one possible

4https://www.hofstede-insights.com/country-comparison/

permutation of the Uncertainty Avoidance and Individualism
values (high or low). Thus, there are four cultural groups in
the sample. The specific scores for each country are shown in
Figure 1.

Fig. 1: Hofstede’s Scores for Selected Countries

Further, we selected user feedback related to different apps.
We chose these apps based on their usage popularity and the
high amount of reviews they received in the collection time
span. For this purpose, we analyzed the official Apple top
app charts5 and a third-party platform for the countries not
included in the official charts6. Table 1 shows the 15 selected
apps (5 paid/10 unpaid). Eight of the selected apps were from
the US, the other apps had their country of origin in Australia,
People’s Republic of China, Hong Kong, Russia, Sweden and
Ukraine; resulting in a diversity in the country of origin of the
software that is uncommon in previous work.
The final data collection took place on 18 and 19 March
2020 via a specialized app review collection platform7. The
final dataset contained 647,141 reviews from eight countries
and 15 mobile applications from a time span of six months
(10/09/2019-15/03/2020).

C. Sample Creation

We analysed the reviews characteristics through automatic
and manual analysis. For the manual analysis, it was necessary
to sample our data, as the consideration of the whole set was
unfeasible. Additionally, the amount of reviews differed highly
across the analyzed countries, which could have led to a bias in
the statistical test and thus, this was another reason to analyze a
balanced sample in terms of the amount of reviews per country.
To create the sample, we chose a 95 % confidence interval for
the minimum sample size. We aimed to equally distribute the
reviews per mobile application and country in each cultural
sample. Afterwards, we stratified the sample of each app
along its rating distribution. The final sample contained 3,120

5https://apps.apple.com/de/story/id1484100916?ign-itsct=BestOfApps
6https://sensortower.com/ios/rankings/top/iphone/pakistan/all-categories
7https://appfollow.io/
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reviews from the eight countries and 15 mobile applications.
Every country in our sample was represented with 390 reviews.

TABLE I: Selected Apps

Adobe AutoSleep FaceApp Facebook
Forest Instagram GoodNotes Google Maps
Notability Netflix ScannerPro Snapchat
Spotify TikTok YouTube

D. Automatic Content Analysis

We automatically analyzed the rating and text length of the
reviews in our final sample. In contrast to the ratings that
could be directly used for the analysis, it was necessary to
normalize the text length of the reviews in order to make
them comparable across the different countries. This was
necessary since the structure of the investigated languages
differs [39]. For example, the sentence ”I am going home”
has 12 characters in English without white spaces, 16 in
German, 17 in French, 10 in Spanish and 6 in Chinese. We
used the approach of Barbro et al. [39] to normalize the text
length of each review. In this approach, they calculated a
normalization factor for Chinese, French, German and Spanish
based on Amazon product reviews. We used these factors
in our normalization and removed emojis and punctuation
marks before counting the characters. For its computation, we
considered the title and review body.

E. Manual Content Analysis

While the rating distribution and text length could be ana-
lyzed automatically, a manual content analysis was necessary
for the analysis of the content categories and sentiment. For the
manual annotation process, ten annotators annotated the sam-
ple of 3,120 reviews. To avoid major disagreements between
annotators, we used an annotation guide with definitions and
examples of the sentiment levels and content categories. The
annotation was done through a specialized tool.

We conducted three test trials with 20 - 50 reviews (not part
of the final sample) per trial. After each test trial, we modified
the annotation guide with additional examples. In the third
trial, the mean Cohen’s Kappa ranged between 0.63 to 0.79—
signaling a substantial agreement between annotators— and
we therefore proceeded with the labeling of the final sample.

Annotation Process Ten annotators labelled between 190
and 1,950 reviews. Each review was independently annotated
by two annotators. For each review annotators labelled the
sentiment (very positive to very negative) and content category
of each review (bug report, feature request, support request,
other or noise). To avoid bias when labelling the sentiment, the
tool did not display the ratings. Annotators could only label
one content category for each review. The total annotation
process took between 64 to 80 hours (the time for the trials is
not included here). The Cohen’s Kappa ranges from 0.71 to
0.82.

Manual Disagreement Handling The disagreement han-
dling between both annotators was conducted manually and
automatically. We used an automatic approach for the senti-
ment and a manual approach for content. If the two annotators
disagreed in the sentiment of a specific review, we computed
the average among both annotators as the final sentiment
score. For doing this, we first converted the categorical scale
(very negative to very positive) to an ordinal scale (-2 to
+2). This conversion was also used in the statistical analysis
detailed in Section V. For the content disagreements, the first
author of this work— highly familiar with manual content
classification— manually examined the review and selected
the content category that she deemed most appropriate for the
final annotation. She is fluent in two languages considered
in the study. For the remaining three languages, a test-trial
with 30 reviews per language was conducted to check whether
an automatic translator8 could translate the reviews in such
a way that the content of the reviews was understandable.
While this was the case for most of the Spanish and French
written reviews, it was not the case for Chinese reviews.
Thus, for reviews written in Spanish and French, she used
a translator to check the content. If the translation did not
make sense and for all Chinese reviews, she asked one of the
annotators to directly translate the review and then decided on
the appropriate category.

V. RESULTS

Text Length The average character length count in our
sample is 132.74 (standard deviation: 171.23). After con-
ducting initial statistical tests on homogeneity of variance
and normality to identify the text length characteristics, we
applied a two-way ANOVA test with a White adjustment to
the logarithm transformed converted character counts since
this characteristic has non-homogenous variances. Table 2
shows the results for both factors. As can be seen, Uncertainty
Avoidance and Individualism are statistically significant (p-
value < 0.0001***/ p-value < 0.0001***). However, the
results and the interaction plot in Table 2 and Figure 2 reveal
that there is no significant interaction effect for the text length
characteristic. Thus, the null hypothesis, implying that the
sample means are equal, is rejected for the Uncertainty Avoid-
ance and Individualism dimension. The findings show that
there is a statistically significant influence of Individualism and
Uncertainty Avoidance on the text length of the reviews. Thus,
hypothesis 1, stating that users from individualistic cultures
give more feedback as measured by the length of the
review text compared to users from collectivistic cultures,
is confirmed. Moreover, hypothesis 2, stating that users from
high Uncertainty Avoidance cultures give less detailed
feedback as measured by length of review text compared
to users from low Uncertainty Avoidance cultures, is
confirmed.

Rating and Sentiment The average sentiment score in our

8https://www.deepl.com/de/translator
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TABLE II: Test Results for Text Length

DF F P(>F)

UA 1 36.7886 <0.0001***
IDV 1 65.2723 <0.0001***
UA*IDV 1 0.3473 0.5557
Residuals 2996

p-value < 0.001 ‘***’; p-value < 0.01 ‘**’; p-value < 0.05 ‘*’

Fig. 2: Interaction Plot Logarithm Transformed Character
Count between Uncertainty Avoidance and Individualism

sample is 0.33 (standard deviation: 1.29), indicating an overall
neutral sentiment. The average rating is 3.51 (standard devia-
tion: 1.68). As a first step, we tested whether the fluctuations
of sentiment were statistically significant. The p-value for
the null hypothesis, implying that variances are homogeneous
across the Individualism levels, shows that the variances of the
sentiment for the Individualism dimension are different with
statistical significance (p-value < 0.0001***). The descrip-
tive statistics suggest, that the sentiment for individualistic
cultures fluctuates more (standard deviation high IDV/high
UA: 1.32, standard deviation high IDV/low UA: 1.54) than
from collectivistic cultures (standard deviation low IDV/low
UA: 1.1, standard deviation low IDV/high UA: 1.24). Thus,
hypothesis 3a, that the review sentiments from users from
individualistic cultures fluctuate more than from users
from collectivistic cultures, can be confirmed.
Afterwards, we investigated the cultural impact on the rating
characteristics. We used a Levene test to analyze whether
the ratings of different Individualism levels fluctuate with
statistical significance. The result (p-value = 0.209) shows that
the null hypothesis stating that the variances are homogeneous
cannot be rejected. Therefore, hypothesis 3b, that the review
ratings from users from individualistic cultures fluctuate more
than from users from collectivistic cultures, cannot be con-
firmed. The test on variance homogeneity indicated that the
rating characteristic has homogenous variances, so we used
a two-way ANOVA test. The results show that only Individ-
ualism has a statistically significant influence on rating (p-
value = 0.00311**). For Uncertainty Avoidance, the two-way
ANOVA led to a non-significant result (p-value = 0.14350).
Furthermore, the results and the interaction plot in Table 3 and
Figure 3 reveal that there is no significant interaction effect for
the rating characteristic. Therefore, the null hypothesis that all
means of the different cultural groups are equal can only be
rejected for the Individualism dimension. Thus, hypothesis 3c,
that users from individualistic cultures give lower ratings
compared to users from collectivistic cultures, can be

confirmed. The findings also suggest that hypothesis 4, that
users from high Uncertainty Avoidance cultures give lower
ratings compared to users from low Uncertainty Avoidance
cultures, cannot be confirmed.

TABLE III: Test Results for Ratings

DF F P(>F)

UA 1 2.141 0.14350
IDV 1 8.753 0.00311**
UA*IDV 1 0.033 0.85593
Residuals 3116

p-value < 0.001 ‘***’; p-value < 0.01 ‘**’; p-value < 0.05 ‘*’

Fig. 3: Interaction Plot Rating between Uncertainty Avoidance
and Individualism

Content Category More than half of the analyzed reviews,
53%, contains useful content for software evolution. Roughly
26% are bug reports, 22 % are feature requests, 5 % support
requests, 43 % other and 4 % noise. Since the content category
is classified with a nominal scale, we conducted a Chi-
Square test of independence. The Chi-Square-test results have
a significant p-value (p-value < 0.0001***). Thus, the null
hypothesis, that no association between the distribution of the
content categories and the cultural dimensions exist, can be
rejected. Figure 4 shows the content categories share in the
sample for each cultural group. To identify whether the share

Fig. 4: Content Category Share per Cultural Group

of useful content is influenced by the cultural dimension, we
assigned binary variables to the content categories, where 1
stood for useful content for software evolution (bug report,
feature request or support request) and 0 for not useful content
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(other). We classified support request as useful since we as-
sumed that these contain implicit useful feedback for software
evolution tasks. For example, if a user asks how to upload
a profile picture, the question indicates that either the upload
functionality is not easy to find or the provided documentations
are not written well enough and thus is an implicit user
feedback that can be used to improve the application.
After assigning the binary variables to the reviews in the
sample, the Chi-Square test was run again to see if this made
a difference. Table 4 shows the results for this test. The results
show that only Individualism has a statistically significant in-
fluence on the amount of useful content for software evolution.
Since the Chi-Square test can only identify whether there is
a difference between the four cultural groups, we performed
a Chi-Square post hoc test, to identify which cultural group
combinations have a statistically significant association to
useful content. The Bonferroni method was used to correct
the problem of multiple comparisons. The result indicates that
only the cultural group combination “high Individualism/ low
Uncertainty Avoidance” and “low Individualism/ low Uncer-
tainty Avoidance” is statistically significantly different with
respect to useful content9. Thus, hypothesis 5, that users from
individualistic cultures give less useful feedback compared to
users from collectivistic cultures, can only be partly confirmed.
In other words, users from individualistic cultures give less
useful feedback when they also come from a culture with
low Uncertainty Avoidance. Hypothesis 6, that users from
cultures with high Uncertainty Avoidance scores give more
useful feedback compared to users from cultures with low
Uncertainty Avoidance scores, cannot be confirmed. Table 5
summarizes the findings of this study.

TABLE IV: Test Results for Useful Content

X2 DF P-value

UA 0.68172 1 0.409
IDV 4.7952 1 0.02854*
Cultural Groups 12.011 3 0.007347**

p-value < 0.001 ‘***’; p-value < 0.01 ‘**’; p-value < 0.05 ‘*’

VI. DISCUSSION

A. Findings

Do Individualism and Uncertainty Avoidance have an
impact on user feedback characteristics in Apple app store
reviews? Based on the results of our study, we can say that
in general, yes. The study found evidence that Individualism
has a statistically significant influence on the text length,
ratings, sentiment fluctuations and, in combination with low
Uncertainty Avoidance, on the content categories of Apple
app store reviews.
Individualism The effect of Individualism supports the
hypothesis that individualistic cultures generally write
lengthier reviews and thus confirm the findings of previous

9Classifying the support requests as not useful content also provided a
statistically significant difference.

10p-value < 0.001 ‘***’; p-value < 0.01 ‘**’; p-value < 0.05 ‘*’

TABLE V: Hypothesis and Results Summary

Number Hypothesis Confirmed?

1 Users from individualistic cultures give more feedback as measured
by the length of the review text compared to users from collectivistic
cultures.

Yes ***10

2 Users from high Uncertainty Avoidance cultures give less detailed
feedback as measured by length of review text compared to users
from low Uncertainty Avoidance cultures.

Yes ***

3a The review sentiments from users from individualistic cultures fluctu-
ate more than from users from collectivistic cultures.

Yes ***

3b The review ratings from users from individualistic cultures fluctuate
more than from users from collectivistic cultures.

No

3c Users from individualistic cultures give lower ratings compared to
users from collectivistic cultures.

Yes **

4 Users from high Uncertainty Avoidance cultures give lower ratings
compared to users from low Uncertainty Avoidance cultures.

No

5 Users from individualistic cultures give less useful feedback compared
to users from collectivistic cultures.

Yes ** but only
in a low UA con-
text

6 Users from cultures with high Uncertainty Avoidance scores give more
useful feedback compared to users from cultures with low Uncertainty
Avoidance scores.

No

work [13]. The significant impact of Individualism on
text length could be related to two factors. While
collectivistic cultures usually use high-context communication,
individualistic cultures tend to use low-context communication
[26]. Accordingly, collectivistic cultures tend to assume that
people already know the necessary information and therefore
do not need to pronounce it, while individualistic cultures tend
to write out the information. Furthermore, in individualistic
cultures, the expression of honest opinions is appreciated,
while in collectivistic cultures the goal is to preserve harmony
and to avoid confrontations [26]. This characteristic could also
lead to users from collectivistic cultures being more likely
to give higher ratings and have less sentiment fluctuations
in order to avoid conflicts, while users from individualistic
cultures are more likely to express their honest opinions and
emotions in the ratings and sentiments. Confirming these
assumptions, we found that Individualism has a statistically
significant influence on the ratings of reviews. The analysis in
the Individualism dimension shows that highly individualistic
cultures give less positive ratings and have higher fluctuations
in sentiments. However, the ratings of different Individualism
levels do not fluctuate with statistical significance.
For the content of the reviews, we could only partly confirm
that collectivistic cultures provide more useful feedback (bug
report, feature request or support request) than individualistic
cultures. In fact, Individualism has only a significant influence
on content in combination with low Uncertainty Avoidance.
The influence of Individualism on the usefulness of content
could be related to the fact that individualistic cultures are
more likely to express their opinions and give more frequent
recommendations than collectivistic cultures [32]. These
aspects could lead to the fact that they publish reviews more
frequently on other topics, not necessarily useful to software
evolution, such as general complaints or praises.
Uncertainty Avoidance For Uncertainty Avoidance, the
study found evidence that this dimension has a statistically
significant impact on text length. The findings show that high
Uncertainty Avoidance cultures write shorter reviews than
low Uncertainty Avoidance cultures. One explanation for this
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finding could be that high Uncertainty Avoidance cultures
have higher privacy concerns [28], [29] and thus prefer to
write less in order to disclose less from their data.
While Individualism has a partly significant influence on the
usefulness of the reviews’ contents with respect to software
evolution, the results do not confirm the hypothesis that high
Uncertainty Avoidance cultures give more useful feedback
than low Uncertainty Avoidance cultures. This could be due
to the desire to avoid uncertainty in the future and because
keeping the status quo could override the preference for
having influence and control [26]. Previous findings indicate
that ratings from low Uncertainty Avoidance cultures are
higher than from high Uncertainty Avoidance cultures [27],
[33]. However, the results of this study could not support
these findings. The prior research was conducted on product
[27] and hotel reviews [33], and it could be the case that the
cultural influence of Uncertainty Avoidance on ratings differs
per investigated review category.
The results for the usefulness of the review content also
show that the overall share of useful feedback in Apple app
stores has increased from around 30% [3] to approximately
50% in this study, showing that users use the app store more
frequently to report bug reports/ feature requests or ask for
support than in previous years.

B. Implications

Theoretical Implications The results have specific im-
plications for academics and practitioners alike. Researchers
frequently use app review characteristics for designing, train-
ing, validating and testing algorithms that classify, rank or
summarize user feedback for software development and evo-
lution processes e.g., [8], [16], [40]. With few exceptions,
e.g., [17], [18], [19], previous work has focused on user
reviews from the US, or written in English, to design, validate
and test their algorithms. However, this can lead to biases
in the algorithms. For example, ratings are sometimes used
for ranking reviews [8]. User reviews with lower ratings are
ranked higher because it is assumed that the issues in these
reviews are more urgent and the users more dissatisfied than
in the higher rated reviews [8]. Subsequent work has used
this approach e.g., [16]. However, the findings in this study
show that users from individualistic cultures give statistically
significant lower ratings than users from collectivistic cultures.
Using this ranking rationale, issues from collectivistic cultures
would tend to be ranked with lower priority, leading to a
bias. Thus, critical issues reported in collectivistic cultures
could be missed due to the fact that they give in general
higher ratings. Other review characteristics are also used as
a basis for algorithms processing user feedback. For example,
previous studies e.g., [9], [41] have used the sentiment in
a review to summarize or classify reviews. However, the
findings of this study show that the sentiment of individualistic
cultures fluctuates statistically significantly more than that of
collectivistic cultures. Since researchers often only use reviews
from individualistic countries, such as the USA or UK, to build

their algorithms, this can lead to distortions in the algorithm
towards the interpretation of positive and negative sentiment,
and thus to an overall biased view on the sentiment of users
who have written a review. In addition to sentiment, text
length was also used by researchers as a characteristic to
classify reviews under the assumption that longer texts are
more informative e.g., [12] and are therefore more likely to
belong to categories that are useful for software evolution,
such as bug reports or feature requests. However, the findings
of this study show that there is a cultural difference in the text
length of reviews. Users from cultures with low Uncertainty
Avoidance or higher Individualism write longer texts. Cultural
bias can occur if only (or more frequently) longer texts are
classified as informative.

Previous research has automatically processed reviews to
classify or rank its content e.g., [8], [12], [40]. The findings
of our study show that content differs significantly in different
cultural groups. However, reviews from highly individualistic
and low Uncertainty Avoidance cultures such as the USA or
UK are often used to create the algorithms, which can lead to
a bias in the algorithm, as the distribution of review content
in this cultural group is different from that of other cultural
groups. Accordingly, algorithms may be able to better classify
categories that are more common in reviews of frequently
used cultures than in the less frequently used cultures. One
reason for this is that when training and testing the algorithms,
more test data from reviews with the categories distribution of
cultures preferred for such tasks were used.

We hope that our findings encourage researchers and prac-
titioners to gather user feedback written in diverse languages
and from countries with varying Uncertainty Avoidance and
Individualism levels to avoid a bias when designing, validating
and testing algorithms for its processing.

Practical Implications Many review tracking pages like
AppAnnie11 use app analytic functionalities based on key-
words, sentiments or ratings to give companies an indication
on how their mobile application is perceived by their users.
Using only countries with similar Uncertainty Avoidance and
Individualism scores, can lead to cultural biases in the inter-
pretation of the users’ perceptions. Companies should choose
countries with different Uncertainty Avoidance and Individual-
ism scores in their analysis if they want to get a more accurate
idea of how users perceive their app. Previous research has
shown that developers examine user feedback in reviews when
evolving their software [4]. Moreover, prior work proved that
users stop using a mobile application once it has bugs or lacks
necessary features [5] which could be damaging to the success
of the mobile application in a highly competitive market [1].
Thus, only considering user feedback from certain culture
groups, could, potentially, lead to competitive disadvantages.
Since apps are often distributed on a global market, it is
important to adjust them to a highly diverse audience [1].
The findings of this study demonstrate that cultural differences
in user feedback exist and that these differences should be

11https://www.appannie.com/de/
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considered when gathering and processing user feedback in
Apple app stores to avoid a bias in their software evolution
processes towards certain cultural groups.

VII. THREATS TO VALIDITY

Although great efforts have been made to keep validity
throughout the research high, some aspects that can impact
the results of the study need to be considered. These threats
to validity are shortly discussed below.
Cultural Model One of the biggest threats to validity is the
usage of Hofstede’s cultural model which, despite its popular-
ity, has often been criticized for taking scores based on one
company research only [42], having a western view [43], being
limited to borders [44] and being outdated [45]. While some
points may in fact be true, studies have found that the scores
are relatively stable over time [46]. To accommodate for little
changes in the scores over time, high/ low categories were used
instead of the exact scores for the Uncertainty Avoidance and
Individualism dimension. However, to improve the soundness
of the cultural studies in the context of user feedback for
software evolution processes, it would be interesting to know
if and how high the impact of culture on user feedback is
when using other cultural models.

Selected Mobile Apps Another limitation of our study
is the analyzed mobile applications. Despite taking greatest
care in its selection, the majority of chosen apps have their
origin in the Western world. Previous studies have found that
people from collectivistic cultures prefer products from their
own country more than people from individualistic cultures,
regardless of whether these products are superior or not [47].
If this is also the case when giving user feedback, there could
be a bias towards in-group and out-group behavior. Behavior
towards in-group products refers to products or software that
has a same or similar country of origin as the person that is
submitting the review [47]. It would be interesting to explore
if there is a statistically significant difference in user feedback
in collectivistic cultures depending on whether the app was
developed in a country that is assigned to the in-group or out-
group.

Relying on Human Judgement The analysis of the senti-
ment and content categories of the reviews is based on human
judgement; which can lead to subjective annotations. The
underlying research design reduced this threat to validity by
having all items annotated by two reviewers, giving concrete
definitions and examples in the annotations guideline, and
conducting three rounds of trial annotations in which the
annotation guide was adjusted.
Considering Other Control Variables Statistically signifi-
cant differences do not necessarily indicate a causal cultural
influence. The statistical differences could also stem from
other reasons such as geographical distance of the countries’
locations, income differences or differences in education.
Thus, future research should study the effect size and statistical
significance of the cultural influence on user feedback when
having several control variables. The addition of these control
variables can show how high the actual influence of culture on

user feedback is and how much is explained by other varying
factors.
Apple Users and National Culture This threat is related to
the people that write the reviews considered in this study. It
could be that only a specific subset of users write reviews.
Moreover, Apple iPhones are expensive products that are
not accessible to everyone. Therefore, the users writing the
reviews considered in our study might not be representative
of the national culture of the respective country. We chose
Apple store reviews because their API allows to easily collect
reviews related to specific countries; this is not possible in
other platforms such as Google Play. Future work should be
conducted in a variety of channels to see if the results of our
study hold.

VIII. CONCLUSION

We investigated whether culture, in particular Uncertainty
Avoidance and Individualism, has a statistically significant
impact on user feedback characteristics in Apple app store
reviews. For this purpose we analyzed 3,120 reviews of
15 different applications from eight different countries and
five different languages. Our results show that Individualism
and Uncertainty Avoidance have a statistically significant
impact on text length, ratings, sentiment fluctuations and the
usefulness of the content. While highly individualistic and
low Uncertainty Avoidance cultures write longer reviews,
highly individualistic cultures also give lower ratings and
have higher fluctuations in sentiment. The collectivistic in
combination with low Uncertainty Avoidance cultural group
tends to give more useful content. Furthermore, the research
shows that the proportions of useful feedback have increased
to approximately 50%, and thus give developers valuable
opportunities to gather useful feedback from app store reviews.
The findings draw attention to the diversity of reviews from
various countries as well as languages, and the impact of these
diversity in user feedback characteristics. We hope that our
results encourage practitioners and researchers to gather user
feedback from different cultures. Furthermore, the results can
help researchers and practitioners to reduce cultural bias when
designing, testing and validating algorithms based on Apple
app store reviews.

REFERENCES

[1] S. Comino, F. M. Manenti, and F. Mariuzzo, “Updates management in
mobile applications: iTunes versus Google Play,” Journal of Economics
and Management Strategy, vol. 28, no. 3, pp. 392–419, 2019.

[2] J. Clement, “Number of apps in leading app stores 2019,”
2020. [Online]. Available: https://www.statista.com/statistics/276623/
number-of-apps-available-in-leading-app-stores/

[3] D. Pagano and W. Maalej, “User feedback in the appstore: An empirical
study,” in International Requirements Engineering Conference, 2013, pp.
125–134.

[4] K. Bailey, M. Nagappan, and D. Dig, “Examining User-Developer Feed-
back Loops in the iOS App Store,” in Proc. of the Hawaii International
Conference on System Sciences, 2019.

[5] S. L. Lim, P. J. Bentley, N. Kanakam, F. Ishikawa, and S. Honiden,
“Investigating country differences in mobile app user behavior and
challenges for software engineering,” IEEE Transactions on Software
Engineering, vol. 41, no. 1, pp. 40–64, 2015.

9

https://www.statista.com/statistics/276623/number-of-apps-available-in-leading-app-stores/
https://www.statista.com/statistics/276623/number-of-apps-available-in-leading-app-stores/


[6] T. Alsanoosy, M. Spichkova, and J. Harland, “Cultural influence on
requirements engineering activities: a systematic literature review and
analysis,” Requirements Engineering, pp. 1–24, 2019.

[7] T. Tuunanen and I. T. Kuo, “The effect of culture on requirements: A
value-based view of prioritization,” European Journal of Information
Systems, vol. 24, no. 3, pp. 295–313, 2015.

[8] N. Chen, J. Lin, S. C. Hoi, X. Xiao, and B. Zhang, “AR-miner: Mining
informative reviews for developers from mobile app marketplace,” in
Proc. of the International Conference on Software Engineering, 2014,
pp. 767–778.

[9] S. Panichella, A. Di Sorbo, E. Guzman, C. A. Visaggio, G. Canfora,
and H. Gall, “ARdoc: App reviews development oriented classifier,” in
Proc. of the Symposium on the Foundations of Software Engineering,
2016, pp. 1023–1027.

[10] L. Villarroel, G. Bavota, B. Russo, R. Oliveto, and M. Di Penta, “Release
planning of mobile apps based on user reviews,” in International
Conference on Software Engineering, 2016, pp. 14–24.

[11] E. Guzman, M. El-Halaby, and B. Bruegge, “Ensemble methods for
app review classification: An approach for software evolution,” in
International Conference on Automated Software Engineering, 2015, pp.
771–776.

[12] W. Maalej and H. Nabil, “Bug report, feature request, or simply
praise? On automatically classifying app reviews,” in 23rd International
Requirements Engineering Conference, 2015, pp. 116–125.

[13] E. Guzman, L. Oliveira, Y. Steiner, L. C. Wagner, and M. Glinz, “User
feedback in the app store: A cross-cultural study,” in International
Conference on Software Engineering: Software Engineering in Society,
2018, pp. 13–22.

[14] G. H. Hofstede, Culture’s Consequences : International Differences in
Work-Related Values. Sage Publications, 1980.

[15] H. Ayed, B. Vanderose, and N. Habra, “Agile cultural challenges in
europe and asia: insights from practitioners,” in International Conference
on Software Engineering: Software Engineering in Practice Track, 2017,
pp. 153–162.

[16] F. Palomba, M. Linares-Vasquez, G. Bavota, R. Oliveto, M. Di Penta,
D. Poshyvanyk, and A. De Lucia, “User reviews matter! Tracking
crowdsourced reviews to support evolution of successful apps,” in
International Conference on Software Maintenance and Evolution, 2015,
pp. 291–300.

[17] K. Srisopha, C. Phonsom, K. Lin, and B. Boehm, “Same App, Different
Countries: A Preliminary User Reviews Study on Most Downloaded
iOS Apps,” in International Conference on Software Maintenance and
Evolution, 2019, pp. 76–80.

[18] C. Stanik, M. Haering, and W. Maalej, “Classifying multilingual user
feedback using traditional machine learning and deep learning,” in
International Requirements Engineering Conference Workshops, 2019,
pp. 220–226.

[19] E. Oehri and E. Guzman, “Same same but different: Finding similar
user feedback across multiple platforms and languages,” in International
Requirements Engineering Conference, 2020, pp. 44–54.

[20] G. H. Hofstede, “Cultural dimensions in management and planning,”
Asia Pacific Journal of Management, vol. 1, no. 2, pp. 81–99, 1984.

[21] D. E. Leidner and T. Kayworth, “A review of culture in information
systems research: Toward a theory of information technology culture
conflict,” MIS Quarterly, vol. 30, no. 2, pp. 357–399, 2006.

[22] G. H. Hofstede, “Dimensionalizing Cultures: The Hofstede Model in
Context,” Online Readings in Psychology and Culture, vol. 2, no. 1, pp.
2307–0919, 2011.

[23] U. Schimmack, S. Oishi, and E. Diener, “Individualism: A valid and im-
portant dimension of cultural differences between nations,” Personality
and Social Psychology Review, vol. 9, no. 1, pp. 17–31, 2005.

[24] H. C. Triandis, “Individualism-Collectivism and Personality,” Journal of
Personality, vol. 69, no. 6, pp. 907–924, 2001.

[25] S. D. Grimm, A. T. Church, M. S. Katigbak, and J. A. S. Reyes, “Self-
described traits, values, and moods associated with individualism and
collectivism: Testing I-C theory in an individualistic (U.S.) and a col-
lectivistic (Philippine) culture,” Journal of Cross-Cultural Psychology,
vol. 30, no. 4, pp. 466–500, 1999.

[26] G. H. Hofstede, G. J. Hofstede, and M. Minkov, Cultures and Organi-
zations: Software of the Mind, Third Edition. McGraw-Hill, 2010.

[27] H. Fang, J. Zhang, Y. Bao, and Q. Zhu, “Towards effective online
review systems in the Chinese context: A cross-cultural empirical study,”
Electronic Commerce Research and Applications, vol. 12, no. 3, pp.
208–220, 2013.

[28] J. Cao and A. Everard, “User attitude towards instant messaging: The
effect of espoused national cultural values on awareness and privacy,”
Journal of Global Information Technology Management, vol. 11, no. 2,
pp. 30–57, 2008.

[29] P. B. Lowry, J. Cao, and A. Everard, “Privacy concerns versus desire
for interpersonal awareness in driving the use of self-disclosure tech-
nologies: The case of instant messaging in two cultures,” Journal of
Management Information Systems, vol. 27, no. 4, pp. 163–200, 2011.

[30] J. Noesjirwan, “A rule-based analysis of cultural differences in social be-
haviour: Indonesia and Australia,” International Journal of Psychology,
vol. 13, no. 4, pp. 305–316, 1978.

[31] Y. Hong, N. Huang, G. Burtch, and C. Li, “Culture, conformity, and
emotional suppression in online reviews,” Journal of the Association
for Information Systems, vol. 17, no. 11, pp. 737–758, 2016.

[32] D. H. Zhu, Z. Q. Ye, and Y. P. Chang, “Understanding the textual content
of online customer reviews in B2C websites: A cross-cultural com-
parison between the U.S. and China,” Computers in Human Behavior,
vol. 76, pp. 483–493, 2017.

[33] M. Mariani and M. Predvoditeleva, “How do online reviewers’ cultural
traits and perceived experience influence hotel online ratings?” Inter-
national Journal of Contemporary Hospitality Management, vol. 31,
no. 12, pp. 4543–4573, 2019.

[34] D. Xu, J. Wu, H. Hong, D. Xu, and R. Li, “An empirical investigation
of culture’s influence in online service ratings: From the perspective
of uncertainty avoidance,” in International Conference on Electronic
Business, 2018, pp. 115–123.

[35] P. S. Barr and M. A. Glynn, “Cultural variations in strategic issue
interpretation: Relating cultural uncertainty avoidance to controllability
in discriminating threat and opportunity,” Strategic Management Journal,
vol. 25, no. 1, pp. 59–67, 2004.

[36] G. H. Hofstede and R. R. McCrae, “Personality and Culture Revisited:
Linking Traits and Dimensions of Culture,” Cross-Cultural Research,
vol. 38, no. 1, pp. 52–88, 2004.

[37] E. A. Pelgrim, A. W. Kramer, H. G. Mokkink, and C. P. Van Der
Vleuten, “Factors influencing trainers’ feedback-giving behavior: A
cross-sectional survey,” BMC Medical Education, vol. 14, no. 1, pp.
1–8, 2014.

[38] E. Guzman, M. Ibrahim, and M. Glinz, “A little bird told me: Min-
ing tweets for requirements and software evolution,” in International
Requirements Engineering Conference, 2017, pp. 11–20.

[39] P. A. Barbro, S. M. Mudambi, and D. Schuff, “Do Country and Culture
Influence Online Reviews? An Analysis of a Multinational Retailer’s
Country-Specific Sites,” Journal of International Consumer Marketing,
vol. 32, no. 1, pp. 1–14, 2020.

[40] S. Panichella, A. Di Sorbo, E. Guzman, C. A. Visaggio, G. Canfora,
and H. C. Gall, “How can i improve my app? Classifying user reviews
for software maintenance and evolution,” in International Conference
on Software Maintenance and Evolution, 2015, pp. 281–290.

[41] W. Luiz, F. Viegas, R. Alencar, F. Mourão, T. Salles, D. Carvalho, M. A.
Gonçalves, and L. Rocha, “A Feature-Oriented Sentiment Rating for
Mobile App Reviews,” in World Wide Web Conference, 2018, pp. 1909–
1918.

[42] M. L. Jones, “Hofstede-Culturally questionable?” in Oxford Business &
Economics Conference, Oxford, UK, 2007.

[43] R. Fletcher and T. Fang, “Assessing the impact of culture on relationship
creation and network formation in emerging Asian markets,” European
Journal of Marketing, vol. 40, no. 3-4, pp. 430–446, 2006.

[44] V. Taras, P. Steel, and B. L. Kirkman, “Does Country Equate with
Culture? Beyond Geography in the Search for Cultural Boundaries,”
Management International Review, vol. 56, no. 4, pp. 455–487, 2016.

[45] M. Minkov, P. Dutt, M. Schachner, O. Morales, C. Sanchez, J. Jan-
dosova, Y. Khassenbekov, and B. Mudd, “A revision of Hofstede’s
individualism-collectivism dimension: A new national index from a 56-
country study,” Cross Cultural and Strategic Management, vol. 24, no. 3,
pp. 386–404, 2017.

[46] D. A. Griffith, M. Hu, and J. K. Ryans, “Standardization across Intra-and
Inter-cultural Relationships,” Journal of International Business Studies,
vol. 31, no. 2, pp. 303–324, 2000.

[47] Z. Gürhan-Canli and D. Maheswaran, “Cultural variations in country
of origin effects,” Journal of Marketing Research, vol. 37, no. 3, pp.
309–317, 2000.

10


	Introduction
	Background Work
	Software Evolution
	Culture

	Hypotheses
	Study Methodology
	Analyzed Characteristics
	Data Collection
	Sample Creation
	Automatic Content Analysis
	Manual Content Analysis

	Results
	Discussion
	Findings
	Implications

	Threats to Validity
	Conclusion
	References

