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How researchers derive contextual information for smartphone-typed language data

Figure 1: Instead of categorizing collected in-the-wild text input data by the originating app, we propose to regard text field’s
input prompt text. This figure shows on the example of the app Instagram, that text inputs into Instagram are not just social
media contents such as posts and comments, but can also have other intentions such as messaging, search, and data input.

ABSTRACT

While the study of smartphone-typed language offers valuable
insights for HCI and interdisciplinary research, existing data col-
lection methods often fall short in providing context. Contextual-
izing text contents solely by the input target app does not allow
for selecting them by the actual input intention of the user (e.g.,
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sending a direct message, publishing a post). We present a method
to study smartphone-typed language in the wild, which extracts
the user’s input intention from a text field’s prompt text. Our ap-
proach enables distinguishing language contents by their channel
(i.e., comments, messaging, search inputs), which allows filtering
and pre-selecting text contents by the user’s input intention and
type of language. We provide software libraries and the underly-
ing categorization schema of our method. Researchers can apply
this on-device in studies relying on smartphone-typed language.
We outline which further opportunities for adaptation our general
procedure motivates, to facilitate interdisciplinary studies in the
wild.
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1 INTRODUCTION AND BACKGROUND

Researchers from various fields are interested in studying our
everyday language. Accordingly, digital footprints such as Face-
book posts [28] or WhatsApp instant messages [13, 30] have been
shown to provide useful information on personality traits or mental
health [8, 28]. Various paths of research rely on smartphone-typed
data to understand human behavior (e.g., [14]) and tackle issues
such as mental health (e.g., [19]). Consequently, designing person-
alized interfaces with a great user experience in technical systems
requires HCI and neighboring fields such as psychology or behav-
ioral science, a profound understanding of users’ psychological
traits and states, mental models, and attitudes. The general idea be-
hind most methodological approaches is to quantify raw language
data [5, 7]. For example, in psychological research, typed language
is mapped against dictionaries such as the Linguistic Inquiry and
Word Count (LIWC) [22], as the basis for statistical analyses.

It is important to consider users’ language in context as the
meaning of textual contents might highly vary with the situation in
which it is expressed. Also, specific research questions often require
language of only a specific user intention. A traditional approach to
analyzing language in context, often used for texts produced with
smartphones, is to consider the app used for typing as contextual
information. That is, each app is usually assigned to one meaningful
category, such as Communication, Social Media, or Browser [27, 29].
However, this approach has a major disadvantage: Many apps can
be used for different purposes, and therefore, the assignment to a
single category as context information is a strong simplification.
For example, the popular app Instagram is used frequently to post
public content and to send direct messages. However, with the
traditional app categorization approach, Instagram, as context for
language, would be labeled either as communication or as social
media. Furthermore, selecting content through specific platforms
comes with systematic information gaps and thus biases (e.g., [9,
11]).

To avoid this simplification and thus inaccuracy in the analysis
of smartphone-typed language, we propose a new approach that
filters for WHAT kind of content users type instead of WHERE the
content was typed. In this paper, we show how input prompt UI
metadata can be used to contextualize language data. This new
approach allows us to distinguish language contents by users’ input
intentions (i.e., publishing a post, commenting, direct messaging,
performing a search). We specifically regard the input prompt text,
i.e., the text that is visible as a background or placeholder inside
a text field, as long as the user has not typed any content. We
show some examples of these prompt texts in Figure 2. We have
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Figure 2: Screenshots of three text fields of the three Android
apps: WhatsApp (left), Google Search (middle), and Twitter
(right). All three text fields have input prompt texts, that give
the user a hint about what the text field is intended to be
used for.

developed a prompt text categorization based on data from a large-
scale field study, and we publish this together with an Android
module library to retrieve smartphone text inputs and map them to
users’ intentions directly on the device. With this context-enriched
keyboard logging and analysis method, we show the untapped
potential for research in sensing language data. Carefully collected
and high quality data is not only important for interdisciplinary
research, but also essential to make the most of machine learning
approaches and large language models.

Collecting comprehensive mobile language datasets is a chal-
lenging task. Current language analysis methods often rely on data
donation and are thereby limited to specific platforms. To yield a
platform-agnostic dataset that contains a holistic image of a user’s
typing language, smartphone APIs and research apps are more ap-
propriate. The literature distinguishes three approaches to collect-
ing text data via smartphones. Researchers can make users install a
custom keyboard" 2, and thereby intercept the typed keys and log
the users’ keystrokes [3, 18, 25, 31]. This rather low-level data is
rich and detailed: Researchers can comprehend the writing process
in every detail, and the keyboard can also listen to other kinds
of events related to text input like the usage of word suggestions
and auto-completion events [3]. Alternatively, device APIs [20],
such as the Android accessibility service API, offer application
developers similar data without the need to exchange the installed
keyboard [12, 17]. Applications can subscribe to text input events
and be notified about each typed character. Past work also studies
alternative approaches such as taking screenshots at a 5-second
interval (e.g., [6]). While all these methods offer some way to access
typing metadata, it has not yet been used to provide context to
smartphone-typed language for interdisciplinary research. Studied
application scenarios only encompass very specific use cases, such
as UI automation (e.g., [23, 32]) and privacy-enhancing tools (e.g.,
[2, 10]).

2 CATEGORIZING INPUT PROMPT TEXTS TO
CONTEXTUALIZE MOBILE TEXT INPUTS

In this paper, we propose an approach to contextualize mobile text
inputs by the user’s input intention. We therefore evaluate field
hint texts, i.e., the placeholders displayed in smartphone text fields,
to infer what kind of content a user typed. Our method is based

Uhttps://developer.apple.com/documentation/uikit/keyboards_and_input/creating_
a_custom_keyboard
Zhttps://developer.android.com/guide/topics/text/creating-input-method
Shttps://developer.android.com/reference/android/accessibilityservice/
AccessibilityService
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on an input prompt text categorization scheme that we developed
based on data from a large-scale mobile sensing field study. We
incorporate our approach into a privacy-friendly mobile language
logging system, where text is preprocessed on-device, and only
word categories, but no raw texts, are sent to the researchers (c.f.
(3]

In more detail, our study provides (a) logging libraries for the
Android operating systems to track language input data, and (b) a
categorization approach for Ul metadata to extract information on
the user’s motivation to produce text based on the UI properties of
prompt texts.

Input UI Metadata. Through an Android API, we accessed all
typing events at full granularity and have access to Ul metadata. We
log input prompt texts, including titles, labels, and styling/sizing
properties of the target text field. Prompt texts are visualized as
placeholders and instruct users about what to enter, such as "Mes-
sage" (WhatsApp) or "Tweet your reply” (X; see Figure 2).

Deriving Contextual Features: Input Intention. We developed a
conceptual framework that categorizes prompt texts according to
users’ input intention. By input intention we mean the purpose and
kind of content that users are supposed to enter into a text field,
such as search inputs, direct messaging, or public social media posts.
We visualize our concept using the Instagram app as an example in
Figure 1. In addition, we present our scheme with seven categories
for users’ input intention in Table 1.

The Categorization Scheme. We developed a categorization for in-
put text prompts in a multi-stage process. It is based on real mobile
typing language data that we collected in a large-scale smartphone
sensing study (N = 624, 3 to 6 months). We identified five major
intentions that users follow when composing texts on their smart-
phones: Messaging, Posting, Commenting, Search, and Data Input.
Furthermore, prompt texts that could not be assigned to one of
these five categories were labeled as Other, or Ambiguous if the
meaning of a prompt text was unclear. A detailed definition of our
categories can be found in Table 1. Our categorization regards all
smartphone text entry interactions of all participants, regardless
of app category or any other pre-selection. Our finalized schema
can be found in the Supplementary materials; we encourage other
researchers to use it as a basis to adapt it to the data structure and
needs of their own specific research projects. Therefore, we disclose
the categorization development process in Section 3.2.

3 DEVELOPMENT AND EVALUATION
PROCESS OF OUR INPUT PROMPT TEXT
CATEGORIZATION SCHEME

To derive our categories, we applied a semi-automatic, multi-step
categorization concept. We therefore used a corpus of real-world
input prompt texts that we collected in a smartphone sensing field
study. In this section, we describe the collected corpus, the catego-
rization approach, and lastly give some descriptive insights about
the resulting categorized data, to give researchers who want to use
our procedure some insights about the characteristics of such data.
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3.1 Collecting an Input Prompt Text Corpus:
Smartphone Sensing Study

We deployed a logging system of smartphone-typed language within
a large-scale smartphone sensing study (N = 624, 3 to 6 months) in
Germany. This study helped us collect a large body of prompt texts
from real-world smartphone interactions to develop a widely appli-
cable categorization scheme for users’ input intention. Our corpus
contains 10,620 distinct input prompt texts, originating from a total
of 1,112,317 text inputs, which obtained a prompt text. We asked
our participants to install our self-developed Android app on their
smartphones. To access typed language data, this app subscribes to
content change events of input fields*. Thereby, it is notified of each
change, i.e., each typed or removed character. From each character-
typing event, we receive a reference to the target input text field®,
containing the metadata of interest, namely the app name that the
input field belonged to, and its prompt text. The research app ran
continuously in the background of participants’ smartphones dur-
ing the study. Language data were preprocessed with the Language
Logger abstraction module of Bemmann and Buschek [3], using
the LIWC dictionary® [22] for word categorization and a German
dictionary [1] as a whitelist for word frequency counting. Thereby,
no raw text left the user’s device. Data collection was conducted as
part of a cooperation project between LMU Munich a the Leibniz
Institute for Psychology (ZPID). This research was ethically ap-
proved and carefully aligned with EU GDPR guidelines. A detailed
description of data collection procedures and collected measures is
supplied in the pre-registration of the study protocol [26].

3.2 Prompt Text Categorization Procedure:
Distinguishing Language Data By Users’
Input Intention

In the first stage, we looked for keywords to categorize text prompts
automatically. We decided to classify all prompts that contain Ger-
man and respective English word snippets "such" / "search" as
Search, "komment" / "comment" as Commenting, and those contain-
ing "nachricht" / "message" as Messaging. We then categorized all
remaining prompt texts manually. We limited our manual catego-
rization to only those prompt texts which occured in more than
0.01% (i.e. 465 prompt texts) of all cases. The categorization was
done independently by three researchers (R1 to R3), in three iter-
ations. In the first iteration, R2 and R3 both coded 50 randomly
selected prompt texts independently, compared their coding after-
wards, discussed differences, and refined the coding scheme. After-
ward, R2 and R3 used the refined intention definition to code the
remaining prompt texts. Of the 438 manually coded text prompts,
they matched in 89.7% of cases (393), and differed in 45 cases. To
check the inter-coder reliability, we evaluated Cohen’s Kappa [21],
resulting in a nearly perfect agreement, according to the classifica-
tion of Landis and Koch [16] (K = 0.83, 95% CI: [0.78; 0.88]). The
remaining 45 discrepancies were resolved by R1 who then addition-
ally coded the text prompts. Our categorization labels 983,281 text

4 Android Accessibility Event type VIEW_TEXT_CHANGED https://developer.android.
com/reference/android/view/accessibility/AccessibilityEvent# TYPE_VIEW_TEXT _
CHANGED

SEditText object https://developer.android.com/reference/android/widget/Edit Text
®LIWC is proprietary software. Its usage must be cleared with the authors.


https://developer.android.com/reference/android/view/accessibility/AccessibilityEvent#TYPE_VIEW_TEXT_CHANGED
https://developer.android.com/reference/android/view/accessibility/AccessibilityEvent#TYPE_VIEW_TEXT_CHANGED
https://developer.android.com/reference/android/view/accessibility/AccessibilityEvent#TYPE_VIEW_TEXT_CHANGED
https://developer.android.com/reference/android/widget/EditText

MuC ’25, August 31-September 03, 2025, Chemnitz, Germany

Bemmann et al.

Table 1: We categorize the input prompt text of text inputs on smartphones into input intentions

Intention Description Example input prompt texts
. A private message targeted to a defined person or "Type a message" (WhatsApp), "Enter your message here"
Messaging
group of people (Facebook Messenger)
. (S'e'ml—)pub'hc posts in social medla ap pllCétl(')nS. They are "Write a caption” (Instagram), "What are you doing?"
Posting visible to either anyone (public posts) or limited to a group
. (Facebook)
of people (e.g., friends)
) Content that is attached to an existing post, usually with . ., . .
Commenting the same visibility as the post Comment .." (Facebook), "Tweet your reply” (X)
Content that constitutes a search query. E.g., inputs into "Search apps, web, and more.."" (Google Quicksearch),
Search " "
search fields Search photos.." (Gallery app)
"email address" (on a login screen), "Stop, address, ..."
Data Input Inputs that ask the user for some information, usually form fields (in a public transport service app), "Spanish translation”
(in a language learning app)
The input prompt text cannot be assigned exactly one . . . o
. . . E.g., experience sampling and questionnaire items,
Other intention, or the purpose is clear but does not belong to . |
. . write a note...
one of the five main intentions
Ambiguous The input prompt text’s meaning and purpose are not ", 1999

understandable at all

inputs from our corpus, which is 88.4% of all text inputs containing
an input prompt text. Among all text inputs, including those that do
not obtain an input prompt text, our categorization covers 52.63%.

3.3 Descriptive Evaluation: The Characteristics
of Input Prompt Text Categorized Data

The following frequencies explain the share of each input intention
category among the 983,281 text inputs that were contextualized
with our method in the previously described smartphone sensing
study.

Input Intention Frequencies. The most frequent input intentions
were Messaging (44.0%), Search (33.8%), and Data Input (12.2%).
The social media categories Posting (1.0%) and Commenting (3.2%)
occurred less often. The occurrence of the remaining categories
Ambiguous (4.9%) and Other (0.9%) is on a low level, illustrating
that our categorization scheme covers the user’s input intentions
well with nearly 95% of all text inputs.

Text Input Lengths. We found that text inputs that fulfill a func-
tional purpose, such as Search (M = 2.30words, SD = 6.80) and
Data Input (M = 2.73, SD = 9.29), were significantly shorter
than texts of intention categories whose content was intended
to communicate with other people, such as Messaging (M = 12.43,
SD = 18.80), Posting (M = 12.84, SD = 19.00), and Commenting
(M = 12.65, SD = 20.28). Other text inputs range between both
clusters (M = 5.32, SD = 9.42) (Kruskal-Wallis rank sum test with
a consecutive Dunn’s test, p-values adjusted with the Bonferroni
method. @ < .01 for all pairwise comparisons).

Data Clarity for Psychological Analyses. We also analyzed the
matching rates of resulting smartphone-typed language data in
the psychological LIWC dictionary. We found that language data
selected with our method, i.e., by input intention, shows higher
matching rates and lower standard deviations. We compared the

input intention category Messaging (M = 50.64%, SD = 30.33%)
against data selected by the app category Communication (M =
48.32%, SD = 31.05%); and the input intention categories Posting
(M = 38.82%, SD = 30.34%) and Comment (M = 41.78, SD =
30.34%) against the app category Social Media (M = 31.59, SD =
33.52%). Although more in-depth statistical analyses are needed
and measures for data quality need to be defined to draw solid
conclusions, these preliminary descriptive insights indicate a likely
higher data clarity and thus quality of our method compared to
previous, traditional methods.

4 LIMITATIONS AND OUTLOOK

First results show that our method of contextualizing smartphone-
typed language by user input intention can be valuable in inter-
disciplinary research. Descriptive statistics indicate that it offers
higher data clarity and thus value for research than previous cate-
gorization by input target app. We motivate future work to validate
our method: Language intentions could be regarded as clusters and
evaluated by clustering evaluation metrics such as inter-cluster and
intra-cluster distances (c.f. Ranby [24]), or more language-specific
similarity metrics as evaluated by Krakovsky and Mokris [15]. Also,
it would be interesting to rerun analyses of existing research on
mobile language, with both app-categorized data and input prompt
text categorized data, to see the effect on the results, for exam-
ple, changes in effect sizes. Besides supporting research on mobile
language use, our method also facilitates intelligent interface con-
cepts in HCL Our analysis approach of prompt texts and other
metadata contributes to an increased understanding of the user’s
context. Higher context-awareness helps systems to adjust to the
users’ needs in a particular situation. For example, by understand-
ing an input field’s purpose, keyboard word suggestions could be
adjusted to better meet expected content and make more specific
suggestions. Conversational interaction concepts, especially in the
accessibility context, could reach a more fluent user experience if
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they better understand what the interface expects from its user.
Furthermore, large language models could (with sufficient contex-
tual understanding) be used to pre-fill inputs. Thinking beyond our
categorization of input motives, one could also think of other kinds
of categorizations depending on the specific research goal. Also,
further metadata, such as surrounding Ul elements, could be taken
into account.

Limitations that need to be worked on are the limited availabil-
ity of input prompt texts. Our implementation could access input
prompt texts for 59.5% of all typing sessions. Input prompt texts
are not mandatory properties of text fields; developers do not set
them for all text inputs. Also privacy aspects of our method need
to be carefully considered. Although the more precise filtering of
contents that our method enables allows for stricter data minimal-
ism, the privacy implications that language analysis brings need to
be tackled. Evaluating users’ typed language, no matter how it is
preprocessed or abstracted, poses a privacy concern to users and
reduces trust in applications and research studies [4].

OPEN SCIENCE

We encourage readers to reproduce and extend our results. There-
fore, we made the data used in our study, our analysis scripts, and
Android logging libraries available on the Open Science Framework
https://osf.io/b62k8.
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Table 2: In this table, we disclose details on our categorization process, and show statistics on inter-rater agreement according
to O’Connor and Joffe [21]. Number of assigned intention categories, alongside disagreements and inter-rater agreement to
each intention category of the manual coding process.

Assigned Prompt Texts
Input Intention Overall Manually Coded Disagreements Cohen’s Kappa 95% CI
Messaging 568 31 4 0.88  [0.79;0.97]
Posting 20 20 4 0.75  [0.6;0.9]
Commenting 157 4 1 0.75 [0.41;1]
Search 2997 16 1 0.78 [0.63;0.93]
Data Input 248 248 12 0.85 [0.81;0.9]
Other 13 13 7 0.8 [0.57;1]
Ambiguous 105 105 16 0.82  [0.75;0.88]

Table 3: Comparing characteristics of text inputs filtered by input intention (yellow background) and app category (green
background). We compare mean and standard deviation for the two variables matching rate and number of words per text
input. A Kruskal-Wallis rank sum test with a consecutive Dunn’s test (p-values adjusted with the Bonferroni method) revealed
significant differences between the three groups Search and Data Input vs. Messaging, Posting and Commenting vs. Other for
all pairwise comparisons with o < .01.

LIWC MATCHING RATE WORDS PER TEXT INPUT

Input Text Selection M SD M SD

App Category: Communication 48.32% 31.05% 16.43 38.30
Input Intention: Messaging 50.64% 30.33% 12.43 18.80
App Category: Social Media 31.59% 33.52% 12.87 39.60
Input Intention: Posting 38.82% 30.34% 12.84 19.00

Input Intention: Commenting 41.78% 30.35% 12.65 20.28
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