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Abstract. Multicultural aspects of user interfaces (UIs) have been studied for 
years. However, the characteristics of UI English from the viewpoint of non-
native speakers of English have not been discussed widely. This study com-
pares a UI English corpus with general English corpora using the word list  
coverage method and the lexical diversity method. It finds that UI English con-
tains more words that are above introductory level but that it is less diverse than 
general English. Therefore, for non-natives to use software smoothly, they need 
to learn a relatively limited number of words that frequently appear in UIs. 
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1 Introduction 

Many software products have been developed by US-based companies and their user 
interfaces (UIs) are usually written in English. The Business Software Alliance says, 
"An estimated 65% of the PC software units in service worldwide in 2008 were from 
US-based companies." [1] More recently, distributing software globally through the 
Internet, such as web or smartphone applications, is becoming easier and easier. 

English UIs are often translated and localized for global use. The importance of lo-
calization has been pointed out for years to market software products globally [2, 3]. 
Although some software applications are translated into users' languages, others are 
not due to cost or time constraints. As a result, many non-natives have a chance to use 
UIs written in English. 

The first objective of this study is to clarify the characteristics of English currently 
used in UIs, from the viewpoint of how difficult the English is for non-natives. We 
see the difficulty from two points in this paper: 1) the coverage of a text by English 
word lists for learners and 2) the lexical or vocabulary diversity in a text. Clarifying 
the characteristics of UI English will eventually lead to better UIs, especially for non-
natives. The second objective is to find characteristic words used in UIs. By learning 
these words, non-natives will be able to use software more comfortably. The second 
objective is rather a preliminary study for future work. 
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2 Related Research 

2.1 Studies of UI from Multicultural and Non-natives Perspectives 

UIs have been studied from the multicultural perspective for years by different re-
searchers [4-6]. However, UIs have not been discussed widely from the perspective of 
non-native speakers of English, while some researchers pointed out the importance in 
remarks such as "The user interface must be designed and written so that it is unders-
tandable by a user who speaks English as a second language." [7] 

Because large software companies now recognize the importance of writing Eng-
lish that is understandable for non-native users [8-10], scientific studies need to be 
done to better understand the characteristics of UI English from the viewpoint of non-
native speakers of English, in addition to the multicultural perspective. 

2.2 English Word Lists for Learners 

One of the methods to describe the characteristics of the vocabulary in an English text 
is to compare it with word lists used by learners of English. By measuring how many 
percentage of a vocabulary is covered by word lists, one can guess how difficult the 
text is for learners. Note, however, that this method checks the vocabulary knowledge 
only, and other kinds of abilities such as listening or speaking will not evaluated. 

Examples of the frequently used word lists are General Service List (GSL) [11] 
and Academic Word List (AWL) [12]. The GSL was developed from a corpus largely 
based on the basis of frequency [13]. It includes a total of 2,000 word families1 with 
two different levels, 1,000 for each. The AWL includes 570 word families that are not 
in the GSL and that are frequently used in academic texts. The GSL and AWL have 
been used in combination to see the coverage of text in fields such as business [14] or 
public health [15]. Another example of word lists is the list developed by Paul Nation 
from the British National Corpus (BNC) [16]. This BNC list is in the order of fre-
quency and has 14 levels, 1,000 word families for each. 

Although not being a word list like ones explained above, the English Vocabulary 
Profile (EVP) is a vocabulary database with six proficiency levels based on the Com-
mon European Framework of Reference [17]. The levels are Basic User (A1 and A2), 
Independent User (B1 and B2), and Proficient User (C1 and C2). 

2.3 Lexical Diversity 

To find the characteristics of a text, a measure called lexical diversity is often  
used. Lexical diversity shows how many different words are used in an entire text. 

                                                           
1  A word family is a set of related words. For example, the headword "accept" has "accepta-

bility," "acceptable," "unacceptable," "acceptance," "accepted," "accepting," and "accepts" 
as family members. 
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The oldest and most frequently used measure is type-token2 ratio (TTR) [18]. The 
higher the TTR is, the more different words are used in a text. The problem in TTR is 
the dependence on text length [19]. As a text becomes longer, its TTR decreases  
because the same types are used repeatedly. To overcome this problem, other me-
thods, such as Guiraud's index [20] or Herdan's index [21], have been proposed. 
However, such measures in practice depend on their text length [19], too. As a result, 
no index can reliably measure the lexical diversity between texts with different sizes. 
As a practical solution, Baayen [22] proposes to compare the number of types across 
texts with the same text sizes. In a recent study, different kinds of measures (TTR, 
Guiraud, Herdan, Uber, Maas, vocd-D, HD-D) are used in combination [18]. 

2.4 Keyword Extraction 

There are several methods to extract terms specially used in a certain corpus. In recent 
years, comparing the numbers of appearance between a target corpus and a reference 
corpus is often used. In comparing corpora, different statistics are used to determine 
whether a certain word is specially used in a certain field. 

There have been discussions of which statistic is valid or effective [23, 24]. Chujo 
and Utiyama [25] compare nine statistics for extracting keywords in the applied 
science field and claim that different statistics are effective to extract terms for learn-
ers with different proficiency levels. For example, the log-likelihood ratio (LLR) is 
effective for intermediate-level. 

3 Methods 

3.1 Preparing Corpora 

Target Corpus. The target corpus is compiled from English used in UIs such as but-
tons or messages. We collected text from different genres of software that are well 
known and have many users so that the corpus represents the English actually seen 
and read by users. The genres of software are mobile, productivity, communication, 
and entertainment. We do not adjust the text size of each genre. Table 2 details the 
genre, name, and size. The text of Android applications is from Android Git reposito-
ry [26] and the other text is from the Microsoft Language Portal [27]. 

Software text includes characters that should be removed or modified, such as 
HTML tags or variable placeholders. Because the types of such characters differ from 
software to software, we cleaned the files according to the basic policy: "Retain cha-
racters that are actually shown to users." Table 1 shows examples of what we did for 
the cleanup. 

                                                           
2  Tokens are the total number of words in a text. Types are the number of unique words. In 

the sentence "I ate an apple that I bought yesterday", for instance, tokens are eight and types 
are seven (because "I" appears twice). The TTR in this case is 7/8 = 0.875 (87.5%). 
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Table 1. Modification of special characters in software 

Type of character Example Modification 
Variable placeholder %d,  %s1,  

{0} 
Replaced with <variablehere> to indi-
cate that something is displayed at run-
time. 

Metacharacter /u2026,  ¥n Removed, or replaced with the character 
it represents. 

HTML tag <b></b>, <br/> Removed, or replaced with the character 
it represents. 

Keyboard shortcut Hi&de Removed unneeded character ("&" is 
removed in the example). 

Words without space %sAuthor Added a space to make them an indi-
vidual word ("%s Author" in the  
example). 

 
We separately counted the tags that represent variable placeholders (i.e., <varable-

here>) into the total number of words because we do not know if the word or sentence 
put here is known or unknown to the user until the software is actually executed. The 
final numbers of words after removal or replacement are in Table 2. 

Table 2. Software in the UI corpus 

Genre Application name Size (number of words) 
Mobile Android applications3 23,552 
Productivity Microsoft Word 2007 SP2 80,304 
Productivity Microsoft Excel 2007 SP2 109,821 
Communication Internet Explorer 8 147,814 
Communication Hotmail 27,266 
Entertainment Windows Media Player 10 18,762 
  407,519 

Reference Corpus. We used the Brown Corpus, the Manually Annotated Sub-Corpus 
(MASC) of Open American National Corpus (OANC), and the CNN Tech news cor-
pus as reference corpora. The Brown Corpus is an American English corpus with 
about 1 million words from the prose printed in the U.S. during the year 1961 [28]. 
The MASC is a balanced subset of 500,000 words of written and spoken text from 
OANC [29]. The CNN Tech news corpus was compiled by the authors from the CNN 
news articles published in 2011 and categorized under "Tech" [30]. The CNN Tech 
                                                           
3  Android applications: AccountsAndSyncSettings, AlarmClock, BasicSmsReceiver, Blu-

etooth, Browser, Calculator, Calendar, Camera, CellBroadcastReceiver, CertInstaller,  
Contacts, DeskClock, Email, Exchange, Gallery, Gallery2, Gallery3D, GlobalSearch, Goog-
leSearch, HTMLViewer, IM, KeyChain, Launcher, Launcher2, LegacyCamera, Mms,  
Music, MusicFX, Nfc, PackageInstaller, Phone, Protips, QuickSearchBox, Settings, Soun-
dRecorder, SpareParts, SpeechRecorder, Stk, Tag, VideoEditor, VoiceDialer. 
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corpus has over 600,000 words, and many of the articles are IT-related topics includ-
ing video games or consumer electronics, but excluding energy, environment, or 
space technologies. The reason why we use this corpus is to see whether or not IT-
related terms, which are very often found in the UI corpus, affect the characteristics of 
the text. Thus, the first two corpora, Brown and MASC, are general American English 
corpus, and the last one, CNN Tech, is a corpus of a specific field.  

3.2  Determining the Difficulty by Two Criteria 

As stated in the introduction section, we see the difficulty for non-natives from two 
points: 1) the coverage by word lists and 2) the lexical diversity.  

Coverage by Word Lists. We adopted the GSL+AWL and the BNC list by Nation to 
measure how much of a text is covered by the lists to estimate the vocabulary level. 
The GSL has two levels (Level 1 and 2) and the AWL is the extension of GSL (i.e., 
Level 3). The BNC list has 14 levels. We used these lists to check how much percen-
tage of tokens in a corpus is covered by the lists. One can guess that the lower the 
coverage is, the more difficult the text is for non-natives because they need remember 
more words. We applied this method to different kinds of corpora to compare the 
relative levels of texts. The important assumption here is that non-natives learn voca-
bulary in the order of frequency (frequently-used words are learned first). To calculate 
the coverage, we used a software tool called AntWordProfiler [31]. 

Lexical Diversity. Because there is not a measure with established reputation, we 
here use the Guiraud's index (R) and the Herdan's index (C): 

 R = Types

Tokens
 (1) 

 C = loge Types

loge Tokens
 (2) 

We need to be careful that these indices depend on the text length (i.e., tokens). In 
addition to this, we compare texts after adjusting their sizes, as Baayen suggested 
[22]. We adjust the text sizes to the shortest one. The approximate sizes of the corpora 
we use are: the UI corpus: 400k, Brown: 1million, MASC: 500k, and CNN Tech: 
630k. So, we cut the sizes to that of the UI corpus. First, we divide all corpora into the 
groups of 50k words. For instance, the UI corpus is divided into 8 groups (400k / 50k 
= 8). The reminder is simply discarded. Likewise, Brown is divided into 20 groups, 
MASC 10 groups, and CNN Tech 12 groups. And then, we randomly choose 8 groups 
from each of them to make corpora with 400k tokens. 

We apply three methods (Guiraud, Herdan, and same-size comparison) to four cor-
pora to compare their lexical diversity. The R software [32] and its package languag-
eR [33] are used to count types and tokens. Before counting, we erased punctuation 
marks in the corpora. This is to avoid a word followed by such marks (e.g., "corpo-
ra.") to be recognized as one word. The following marks are replaced with a space: 

   .   ,   "   '   ?   !   (   )   [   ]   -- 



328 R. Nishino and K. Nohara 

 

3.3 Finding Characteristic Words 

We use the log-likelihood ratio (LLR) statistic to identify characteristic words used in 
the UI corpus. For a reference corpus, we combine the Brown and MASC corpora, 
which are general American English corpora, to make them an approximately 1.5 
million-word corpus. The AntConc version 3.3.5 [34] is used to calculate LLR. De-
fault settings are used, but a lemma list created by Yasumasa Someya (available from 
the AntConc website) is used with some modifications by the authors such as adding 
new words (e.g., app, email, etc.). No part-of-speech (POS) information is used. 

After extracting words based on the LLR statistic, we manually pick up action-
related words (mainly verbs) and create a list of top 10 words (due to the limitation of 
pages of this paper). The reason why we focus on action-related words here is that 
they describe human-computer interactions and are valuable compared to nouns that 
include many technology terms, which would disappear when new technologies ap-
pear. And then, we identify the proficiency levels for each word by using the 
GSL/AWL, the BNC list, and the English Vocabulary Profile (EVP). 

4 Results 

4.1 Coverage by Word Lists 

Table 3 shows the coverage of the corpora by the GSL 1, GSL 2, AWL, variables 
(such as "%d" or "{0}"), and their total in percentage.  

Table 3. Coverage by GSL+AWL (%) 

 GSL 1 GSL 2 AWL Variables Total 
UI corpus 61.1 6.5 13.6 1.4 82.7 
Brown 76.5 5.7 4.7 - 86.9 
MASC 74.4 5.4 4.8 - 84.6 
CNN Tech 72.5 5.5 6.0 - 84.0 

 
Table 4 shows the coverage of the corpora by the different levels of the BNC list, 

variables, and their total in percentage. Each level has 1,000 word families. 

Table 4. Coverage by BNC list (%) 

 BNC 1 BNC 2 BNC 3 BNC 4 BNC 5 BNC 
6-14 

Va-
riables 

Total 

UI corpus 67.5 12.0 5.0 3.8 1.0 3.9 1.4 94.6 
Brown 77.0 8.3 3.2 2.4 1.4 3.5 - 95.7 
MASC 76.0 7.7 2.6 2.3 1.2 3.4 - 93.3 
CNN Tech 75.3 8.6 2.8 2.6 0.9 3.2 - 93.3 
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4.2 Lexical Diversity 

Table 5 shows the lexical diversity of the corpora using Guiraud and Herdan indices. 

Table 5. Lexical diversity using Guiraud and Herdan indices 

 Types Tokens Guiraud Herdan 
UI corpus 11,651 409,8264 18.20 0.72 
Brown 47,059 1,025,536 46.47 0.78 
MASC 35,537 500,227 50.25 0.80 
CNN Tech 28,904 635,315 36.26 0.77 

 
Table 6 shows the lexical diversity of the corpora with the same text size. 

Table 6. Lexical diversity using fixed text sizes 

 Types Tokens Type-token ratio (%) 
UI corpus 11,395 400,000 2.85 
Brown 28,737 400,000 7.18 
MASC 30,916 400,000 7.73 
CNN Tech 22,932 400,000 5.73 

4.3 Characteristic Words 

Table 7 lists the top 10 action-related words that are characteristic in the UI corpus 
compared with the general English corpus (Brown+MASC). The words are listed 
alphabetically with the proficiency levels on the word lists, and the LLR statistic. 

Table 7. Top 10 characteristic action-related words 

 GSL/AWL BNC EVP LLR 
add 1 1 A2 3409.8 
allow 1 1 B1 or C1 3059.1 
change 1 1 A2 3291.6 
click none 3 A2 4939.9 
configure none 8 none 3180.9 
disable none none none 4695.2 
enable 3 2 B2 4263.2 
select 3 2 B1 5072.1 
set 1 1 B1 or B2 7339.2 
use 1 1 A1 4508.1 

 

                                                           
4  The total number is slightly different from the one in Table 2 because different tools are 

used. Here we used languageR, which counts numbers such as "15.8" or "8000." 
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5 Discussion 

As Table 3 shows, the coverage of the UI corpus by the GSL 1 (level 1) is as low as 
61.1%, while other corpora are all above 70%. This means that non-natives with in-
troductory vocabulary knowledge would have difficulty in reading UIs written in 
English compared with other types of English. The coverage by the GSL 2 (level 2) is 
almost at the same level, but the coverage by the AWL (level 3) is higher with a wide 
difference. In short, the UI corpus tends to use higher-level words. The overall cover-
age (GSL+AWL) either including or excluding variables is close. In Table 4, like the 
result of GSL+AWL, the coverage of BNC level 1 for the UI corpus is less than 70%, 
which is lower than other corpora. However, the coverage of level 2 to 4 is higher 
than others. This tells that the UI corpus includes less introductory level words and 
more intermediate level words. The overall coverage does not differ much. 

As listed in Table 5, the UI corpus shows the least number in both Guiraud and 
Herdan indices compared with other corpora. This means that the UI corpus has the 
least diversity. Table 6 illustrates that the lexical diversity of the UI corpus is the least 
even after adjusting the corpus sizes. Therefore, in all three measures, the UI corpus 
has the least lexical diversity. 

We included the CNN Tech corpus to see if IT-related words affect the results. The 
coverage and diversity results indicate that the CNN Tech is closer to general English 
than to UI English, and IT-related words do not affect the characteristic of the text. 

When we see Table 7, we successfully pick up characteristic words in the UI cor-
pus. Some words are closely related to software operations (click, configure, etc.), and 
other words look rather general (add, allow, change, etc.) but are used more frequent-
ly in UI English than in general English. We would like to further this study in the 
future by adding POS information or by extending to top 100, for instance. 

6 Conclusion 

From the results of the coverage by word lists and the lexical diversity, we conclude 
that UI English contains more words that are above introductory level but that it is 
less diverse than general English. Therefore, for non-natives to use software smooth-
ly, they need to learn a relatively limited number of words that frequently appear in 
UIs, like the ones shown in the result of characteristic words. However, frequently 
appearing words include advanced level words such as "configure." For non-natives 
to use software comfortably, developers may avoid using these words in UIs, but at 
the same time, such words should be taught in English education because a natural 
language or existing UIs do not change easily in a short period of time. 
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