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Abstract
In this paper, we show how sentiment analysis can be used to detect emotions from mobile application
descriptions which are persuasive text generated by software vendors. The analysis was conducted on a
dataset containing 6,000 unique mobile apps. The results reveal that mobile app in different app category
should use specific emotion words in the descriptions. This finding has interesting implications for
practice especially for improving the chance that the app is downloaded or purchased.

Introduction
In the online and information age, the Internet has enabled users to communicate and generate online
content which usually in an exponential explosive rate. Examples of the content include messages users
posted on social media websites, reviews and opinions from users, and product information posted by
vendors. However, the majority of such content is typically in unstructured text format. This is difficult to
decipher and analyze automatically, especially when evaluated tremendous amounts of data gathering
from the Internet. Consequently, it is challenging for businesses to yield accurate information that is
useful to them.
In order to analyze online content, especially in text format, there are several efficient methodologies a
business can use to explore text, such as business intelligence, data mining, and natural language
processing. However, in this paper, we adopted a recent technique called sentiment analysis to evaluate a
large text dataset. In general, sentiment analysis is used to determine the attitude of a speaker or a writer
with respect to some specific topics in text. The attitude can be in various forms such as opinions,
evaluations, reviews, or emotional states of the author.
In this paper, mobile application (Android Apps) descriptions are analyzed using sentiment analysis and
text mining approaches. The analysis was conducted to indicate salient emotions in app descriptions.
Although sentiment analysis has been recently explored in the text-mining literature, the focus of the
existing studies has been primarily on the analysis of text generated by users, such as review, blog, an
opinion. However, much less attention has been devoted to the analysis of text generated from the
vendor’s side, such as product description, advertising content, and webpage content. In the online
commerce settings, vendor-generated content has been found to be a significant factor that influences
customers’ intentions (e.g., intention to use and to purchase (Chang et al. 1994)) since it provides the
persuasive communication regarding the quality of products or services to the customers. Therefore, the
primarily objective of this study is to investigate textual content generated from online vendors.
Specifically, we investigate mobile app descriptions that are provided by a vendor through an online app
store. Mobile app descriptions share the same mechanism as production descriptions which are written by
software vendors with intent to persuade potential customers to download the apps.
Departing from the traditional text in the field of information processing, mobile app descriptions have a
combination of linguistic characteristics. The language used in the descriptions is often quite specific to a
particular domain (app categories, e.g., Games, Utilities, Finance, and Media & Video) and are generally
written in persuasive communication fashion. Our approach to evaluate mobile app descriptions is to
consider a description as a unit of text; however, we also consider the context of the app (app category),
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each with its own topics and sentiments. This approach provides structural and useful information on the
textual content at a fine-grain level. Our dataset contains 6,000 unique mobile apps in a total of 30
different app categories.
Writing product descriptions is an art. While most descriptions are arbitrarily written in a free-text
format, it is difficult to assess and evaluate their effectiveness and efficiency in creating business value.
This study proposes the application of sentiment analysis and text mining approaches to evaluate
emotions conveyed in mobile app descriptions. This can help business develop or enhance strategies to
improve user experience, which then leads to creating desired response. Specifically, the study aims to
examine the following research questions:
1. How emotions in mobile app descriptions impact the number of downloads?
2. What are salient emotions that influence the number of downloads for a particular app category?

Theoretical Background
Mobile App Information
In general, mobile apps are sold via an app store, either website or mobile app store. An app’s information
is presented on a page in the online store. This page is typically considered as the landing page that
prompts users with a certain call-to-action features. In our case, it is the action to download the app.
Landing pages must be well designed, visually appealing and easy to use since this is where the conversion
occurs, which is the major goal of online commerce. In an app store, this page provides an app’s
information which includes name, star ratings, description, price and developer information.
Although, among the app information presented on the app store page, the app’s star-ratings is treated as
a relatively higher priority element than other components (Park et al. 2008), customers also observe the
other product components displayed on the page. As found in the studies using eye-tracking approach,
Nielsen and Loranger (2006) propose the F-shaped reading pattern that shows how people read
information (especially product information) on the page (Figure 1). In addition, given that landing pages
are critical to the success of business, mobile app descriptions typically occupy the largest space on the
pages. Figure 1 presents a page real-estate analysis which demonstrates that mobile app descriptions take
approximately 75% of the space on the entire page.
These findings are supported by literature in the initial trust area (McKnight et al. 2001; McKnight et al.
1998) which proposes that people look for product attributes (or cues) to constitute evidence of
trustworthiness. This is especially the case when the customers do not have prior knowledge with the
products.

Figure 1. The F-Shaped Reading Pattern (Nielsen and Loranger. 2006) and a Page RealEstate Analysis.
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Mobile App Descriptions
We consider a mobile app description as a product’s attribute that is created to stimulate and motivate
potential customers to download the app. According to Hassenzahl (2003), there are two related aspects
of product attributes: (1) pragmatic product attributes and (2) hedonic product attributes.
With respect to the pragmatic aspect, a mobile app description can be used to convey relevant
functionality of the app, e.g., the app is “easy to use”, “supportive”, “useful”, or “controllable”. Such a
pragmatic product attribute is primarily instrumental and is used to fulfil externally given or internally
generated behavioral goals. This is consistent with suggestions from studies in the marketing domain that
consider a product description as an attribute that signals quality of the product that ultimately leads to
customers’ purchase intention (e.g., Chang et al. 1994; Lee 2002).
Regarding the hedonic aspect, Hassenzahl (2003) proposed that hedonic attributes of products can
influence individuals’ emotional states. The hedonic aspect of software products and be divided into
providing stimulation, communicating identity, and provoking valued memories. All these three
dimensions of the hedonic aspect are generally expressed in mobile app descriptions in order to stimulate
interest, raise attention, and evoke positive emotions of the customers.

Emotions in Mobile App Descriptions and Customer Behavioral Response
Studies in the human-computer interaction (HCI) discipline suggest that emotions are integral part of
user experience when interacting with computer system (Éthier et al. 2008; van der Heijden 2004).
Emotion refers to a psychological reaction to events relevant to the needs, goals, or concerns of an
individual (Brave et al. 2003). Human emotion is comprised of physiological, affective, and cognitive
components (Brave et al. 2003). In this paper, the interpretation of “emotional response” is often
technically termed sentiment, the assigned emotional property of an attribute (description) of mobile
apps.
The relationship between emotions and user response can be explained by the affect-as-information
model (Schwarz et al. 1983). Schwarz and Clore (1983) argue that emotional states serve as information.
For example, when people are asked to report how much they like a product, the may base their judgment
on their feelings about the product instead of reviewing its specific features. More generally, individuals
may make judgments of virtually any target by assessing their feelings at that time and using those
feelings as a basis for their attitudes (Wyer Jr et al. 1999). The affect-as-information model has been
widely used in designing persuasive communication (e.g., product description) to influence a recipient’s
attitudes in supporting the message’s recommendation (Petty et al. 1986).
Consequently, the relationship between attitudes and behavioral response can be explained by theory of
reasoned action (TRA) (Fishbein et al. 1975), which hypothesizes a relationship between attitude and
behavioral intention. TRA posits that intention is determined by three factors-attitude, subjective norms,
and perceived behavioral control. Therefore, in this study, we propose that a user’s emotion evoked by
emotion words in a mobile app’s description influences the user’s attitude toward the app, which further
impacts his/her behavior, such as downloading the app.

Sentiment Analysis of Web Document
According to Pang and Lee (2008), sentiment analysis refers to the use of data mining techniques to
identify and extract subjective information in source material. As a promising research area, text
sentiment analysis has been extensively studied to detect sentiment in web documents. For example,
Guha et al. (2004) applied sentiment analysis to examine trust in blog. Miao et al. (2010) performed
opinion-mining on unstructured and semi-structured user reviews. Cao et al. (2011) investigated
helpfulness of user reviews. Hu et al. (2012) studied how sentiment analysis can be used to detect
fraudulent reviews. Mohammad (2012) analyzed emotions in mail and books. This study aims to further
extend the application of text sentiment analysis into the area of persuasive communication, primarily
mobile app descriptions.
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Methodology
Our methodology is mainly composed of data cleansing, emotion extraction using sentiment analysis, and
text mining.

Dataset
In this study, the original dataset contains information of 188,389 Android mobile applications. The data
were collected in November 2011 by Frank et al. (2012). As of October 2011, this dataset encompasses
approximately 59% of the Android App Store, which contained 319,161 active applications (Horn 2011).
The application data were crawled from the web version of the Android App Store. For each application,
the dataset contains the permissions requested by the application, the price, the number of downloads,
the average user rating, and a description. The dataset consists of 30 different app categories.
Before performing data analysis, data cleansing process was applied to the dataset. In this phase, noise
data and irrelevant data were removed. Confounding factors were also eliminated to minimize the
confounding effects. These factors include: (1) app language, (2) price, and (3) star-rating. In this study,
our methodology are applicable with text written in English language so app descriptions written in other
languages were removed from the dataset. With regards to price, studies in the marketing literature
consider price as the key extrinsic quality signal that strongly influences consumer use (Jacoby et al., 1971;
Zeithaml, 1988). However, our research primarily focuses on the influence of app descriptions on the
number of download. Therefore, the effect of price were controlled by including only free apps (price =
$0.00) in the dataset. In addition, we also considered the effect of star-rating. According to Chevalier and
Mayzlin (2006), while the star-ratings affect intention to download, the impact of negative star-ratings (1star) was found to be much stronger than those of moderate or positive star-ratings (3-5 stars), e.g., users
simply ignore products with 1-2 stars. These findings suggest that the effect of star rating should be
considered – either presence or absence. In our study, although it is ideal to eliminate the effect of starrating in the analysis, this is not applicable in our dataset since each app is associated with a star rating.
Thus, we decided to minimize such effect by including only apps with moderate to high star-ratings (3.5-5
stars). Finally, the dataset contains 6,000 unique apps and is further used for the analysis.

Emotion Lexicon
The NRC Emotion Lexicon version 0.92 was adopted in this study for sentiment analysis. This is a large
word-emotion association lexicon created by Mohammed and Turner (2010). The lexicon has entries for
about 14,200 word types. Each word is classified as it associate to one or more of the following emotion
categories: positive sentiment, negative sentiment, anger, fear, joy, sadness, disgust, surprise, trust, and
anticipation.
Given the mobile app dataset, sentiment analysis involves determining which of the words exist in the
emotion lexicon and calculates ratios such as the number of words associate with a particular emotion to
the total number of emotion words in the text. According to Mohammed (2012), this approach may not be
reliable in determining if a particular sentence is expressing a certain emotion, but such supervised
classifying is efficient and reliable in determining if a large piece of text has more emotional expressions
compared to others in a dataset.
In our mobile app dataset, each app is classified into one of the sentiment category according to the spikes
of emotions detected in the app description.

Analysis and Results
Salient Emotions in Android App Descriptions
In this section, we quantitatively compare the emotion words in the app descriptions. Across the 30 app
categories, approximately 90% of all the apps in the dataset is categorized into the anticipation sentiment
category. This result is not surprising due to the nature of app descriptions that are normally written in
persuasive communication fashion. Anticipation was then removed from the analysis so that the effects of
other emotions can be further investigated.
4
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The apps in each category was then analyzed according to the 7 remaining emotions – anger, disgust,
sadness, surprise, joy, trust, and fear. As shown in Table 1, the emotion words that most frequently found
include anger (1,667 apps), joy (1,986 apps), and trust (1,411 apps).

Table 1. Salient Emotions in Each App Category

Analysis of the Relationship between Emotion and Sentiment Polarity
According to the previous analysis, as one of the negative polarity sentiments, anger appears to be the
salient emotion in several app categories, e.g., Arcade & Action, Sport Games, or Cards & Casino.
Therefore, further analysis was conducted to evaluate the relationship between anger and sentiment
polarity. The results from Pearson’s correlation indicate a strong relationship between anger and positive
sentiment (p<0.05). These results contradict the findings from previous studies that generally consider
anger as a negative sentiment (e.g., Tiedens 2001). Therefore, we suggest that the polarity of an emotion
may be impacted by context, which, in this case, is the app category. Hence, future studies that investigate
emotions should take context into account ad carefully review the concepts of emotions before conducting
the investigation.

Influence of Emotions on App Download Counts
The salient set of emotions (anger, joy, and trust) was then considered for further analysis. Given that the
dataset comprises of 30 categories as shown in Table 1, a series of regression analysis was conducted to
examine the impact of the salient emotion in each app category on its number of download. Before
performing the regression analysis, outliers in the dataset were removed and the dependent variable
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(number of download) was transformed so that it is normally distributed. Eventually, the dataset contains
a total of 5,614 apps.
In general, the results exhibit significant relationship between the salient emotion and the number of
downloads (p<0.05) in each app category. For example, as shown in Tables 2 and 3, trust was found to
have a significant relationship with the number of downloads for apps in Tools and Utilities category
(p=0.038), whereas joy was found to have a significant relationship with the number of downloads for
apps in Entertainment category (p=0.006).

Table 2. Significant Relationship between Trust and the Number of Downloads in Tools
and Utilities Category

Table 3. Significant Relationship between Joy and the Number of Downloads in
Entertainment Category

Salient Emotions in Top Downloaded Apps
The results from the previous section indicate that there may be more than one emotions in a certain app
categories relevant to the number of downloads. Therefore, further analysis was conducted to examine
such effects of emotions for a more comprehensive understanding. Specifically, the focus was placed on
the top downloaded apps in each app category. The apps in the dataset were ranked based on the number
of downloads in each category, and then was analyzed by the stem-and-leaf plot. The results are presented
in a Venn diagram of the three emotions (Figure 2). For example, all three combined emotions including
anger, trust, and joy can potentially influence the number of download for apps in the Brain & Puzzle,
Entertainment, Music & Audio, and Social categories.
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Figure 2. Salient Emotions in the Top 10% Downloaded Apps

Conclusion, Contributions and Future Research
In this study, a large word-emotion association lexicon was used to analyze and identify emotions in
mobile app descriptions. This aspect of the online content generated from software venders has been
overlooked in the literature. Controlling for confounding factors (e.g., price and star ratings), the results
exhibit a strong relationship between emotions and the number of an app downloaded. The causal effect
of this relationship can be potentially explained by the affect-as-information model and theory of
reasoned action.
Three most salient emotions – anger, joy, and trust - were identified from the dataset. We also found that
the number of downloads can be potentially influenced by a combination of the salient emotions. We then
compared these emotion combinations across all the 30 app categories in the dataset.
The contributions of the research is both theoretical and practical. The major theoretical contribute of this
study is that we provide empirical evidence that emotions expressed in the persuasive communication
have significant relationships with customer response. In addition, we also found that a negative emotion,
anger, can potentially create positive sentiment, which depends on the context (app category). These
findings suggest that future studies should take the context into account when emotions are investigated.
Furthermore, the concepts and definitions of emotions must be carefully reviewed prior conducting future
investigation to ensure both content and construct validities of the findings.
With regard to practical contributions, our study provides important managerial implications that are of
interest to mobile app vendors, especially for newly established or unknown apps. Our findings suggest
that app descriptions should be written with the emphasis on corresponding emotion words in each app
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category. For example, words related to trust should be used frequently in writing descriptions for apps in
the Business and Medical categories, whereas words related to joy should be used in descriptions for apps
in the Education and Productivity categories.
Further work can be done based on this research in several areas. First, future study can apply sentiment
analysis in searching snippets from multiple text in social medial communication that have strong
emotion word densities, e.g., Twitter feeds, Facebook posts, or text messages. Second, sentiment analysis
can be applied to evaluate user emotions in a different context, both content generated by users (e.g., user
reviews) and content generated by vendors (e.g., advertising text and webpage content). Third, sentiment
analysis can be used to detect emotion in real-time communication between user and computer, and
consequently, can be used to tailor specific service or experience that appropriate to the user’s emotional
states.
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