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• Leveraged smartphone screen text to predict and explain user behaviours.

• Demonstrated interpretability of fine-tuned large language models (LLMs).

• Linked digital screen content with offline, real-world user activities.

• Developed a framework for explainable smartphone sensing research.
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A B S T R A C T

Smartphones are essential to daily life, and their rich data streams have been used to study how people use 

their phones, and more broadly human behaviour. While previous research has largely focused on app usage and 

keystroke dynamics to predict smartphone use, these analyses are typically limited to making predictions rather 

than providing explanations or reasoning for observed behaviours. In this exploratory study, we investigate the 

potential of leveraging screen text and large language models (LLMs) to uncover insights and reasoning about 

user behaviour. Using a dataset of over 100 million on-screen words collected from 21 participants over two 

weeks, we explore multiple ways to use screen text and LLMs for three tasks: predicting the next app a user will 

open, inferring what real-world activities they are engaged in, and understanding how they interact within apps. 

Additionally, we demonstrate the interpretive capabilities of LLMs, highlighting their potential to explain the 

reasoning behind observed user actions. Our findings suggest that screen text holds promise for providing deeper 

insights into both digital and real-world human behaviour. We discuss the broader implications of our findings, 

including enhancing user experience and enabling privacy-preserving, on-device analysis, while proposing future 

research directions in screen text analysis.

1 . Introduction

Smartphones have transformed the way individuals interact with 

technology, serving not only as communication tools but also host­

ing sensors capable of continuously capturing a range of data streams 

(Masoud et al., 2019), such as app usage (Ferreira et al., 2015) and phys­

ical location (Huang et al., 2016). These data streams have enabled new 

methods for understanding human behaviour with greater precision and 

in real-time, and these opportunities have been studied across various 

fields such as health (Beiwinkel et al., 2016), psychology (Wahle et al., 

2016), and education (Zhang et al., 2015). Traditional approaches to 

studying human behaviour, such as surveys and interviews, often lack 

contextual richness (Pejovic et al., 2015). In contrast, smartphone sens­

ing offers a passive and unobtrusive method to capture a continuous 

record of an individual’s behaviour (Trifan et al., 2019), which can be 

analysed to infer behavioural patterns (Tonti et al., 2021).

Yet, the textual content users view on their screens remains underex­

plored. While prior studies have analysed app usage (Zhao et al., 2019a) 

and keystrokes (Ciman et al., 2015), on-screen text offers richer be­

havioural insight (Ram et al., 2019). It can reveal the context behind 

actions (Teng et al., 2024b), such as reasons for app switching or how 

digital interactions relate to offline environments. Understanding not 

just what users do but why they do it is essential for deeper behavioural 
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insight. Given individual variability, we also investigate whether fine-

tuned large language models (LLMs) can enhance these insights by 

leveraging the semantics of screen text in predictive models.

This exploratory study examines how LLMs can be used not just 

to predict behaviour from screen text (Teng et al., 2024a), but also 

to generate interpretable explanations. Rather than using LLMs solely 

for prediction, we explore their potential to bridge the gap between 

digital behaviour and underlying motivation. Since screen text is in­

herently semantic and context-rich, LLMs are uniquely positioned to 

extract behavioural meaning from this data, in contrast to traditional 

machine learning approaches often used with sensor-based data. This 

shift from prediction to explanation opens the door to more transparent, 

personalised, and user-aligned systems.

We demonstrate this through three experiments: (1) predicting the 

next app a user will open; (2) linking screen text with user-reported 

real-world activities using experience sampling method (ESM) data; and 

(3) identifying the in-app activities users perform. These scenarios allow 

us to assess both the potential and the challenges of applying fine-tuned 

LLMs to smartphone data, while highlighting trade-offs between general 

and personalised models and the ethical considerations of working with 

sensitive behavioural data.

We conduct our experiments using a smartphone sensing dataset of 

over 100 million on-screen words collected from 21 participants over a 

two-week period. This dataset captures the textual content displayed on 

participants’ smartphone screens, known as screen text. ESM responses 

are also collected from participants, which provide self-reported data on 

what activities they were engaged in at specific moments throughout the 

day.

The first experiment investigates next-app prediction, where antic­

ipating a user’s next app can improve experience design (Guo et al., 

2019) and resource allocation (Yan et al., 2012). We evaluate whether 

fine-tuned LLMs can use screen text to identify behavioural context and 

generate explanations of app-switching decisions. We fine-tune Meta’s 

Llama 3-8b-Instruct model (Meta, 2024a) on screen text paired with sub­

sequent app usage to evaluate how personal context affects performance 

and privacy.

The second experiment links screen text with self-reported activity 

data from ESM (van Berkel et al., 2017). We fine-tune both individu­

alised models (trained on a user’s own data) and generalised models 

(trained on others’ data) to assess their ability to predict offline activi­

ties (de Vries et al., 2020). We also evaluate how prompting the model to 

generate explanations can improve our understanding of the relationship 

between digital behaviour and real-world activity.

The third experiment explores in-app activity categorisation. Unlike 

app-level tracking, understanding specific in-app behaviours is more 

complex (Cao and Lin, 2017). For example, within a health app, one 

user may focus on fitness plans while another reads about nutrition 

(Goodyear et al., 2018). We use screen text to summarise and categorise 

such activities, showing how LLMs can abstract behavioural meaning 

and support privacy-preserving summarisation.

The contributions of our paper are threefold:

• We present an exploratory framework for using LLM-based meth­

ods to analyse screen text data, focusing on LLM fine-tuning and 

its associated trade-offs.

• We demonstrate how generating explanations for predictions can 

provide deeper insights into why certain behaviours occur, explor­

ing an important gap in interpretability within previous studies.

• We develop experiments and preliminary methods that can guide 

future research in creating fine-tuned, privacy-preserving LLMs for 

user behaviour studies.

2 . Related work

2.1 . Smartphone sensing for understanding behaviour

Smartphone sensing has been used as a powerful tool for understand­

ing human behaviour, leveraging the ubiquity of smartphones and their 

capacity to collect real-time data (Harari et al., 2016). Sensors such as 

GPS, accelerometers, and app usage logs have been used to infer be­

havioural traits including social interaction (Fulford et al., 2021), mental 

health (Vega et al., 2022), and stress (Zhang et al., 2018, 2024a). This 

passive, unobtrusive data collection offers high-granularity, context-

rich insights, avoiding limitations of traditional methods like surveys, 

which can suffer from recall bias and participant burden (Jager et al., 

2020). Such sensing is especially useful in fields like health, educa­

tion, and psychology, where nuanced behavioural understanding is

essential.

While many smartphone sensing approaches exist, the specific ways 

people use their phones and the motivations behind their actions remain 

underexplored. Prior work has used smartphone text data, such as mes­

sages (Stachl et al., 2020) and social media interactions (Karim et al., 

2020), to examine user behaviour, while keystroke logging has revealed 

links to emotion and stress (Ferreira et al., 2015; Shapsough et al., 2016;

Sağbaş et al., 2020). However, these methods do not capture the full 

scope of on-screen content and often miss key contextual cues. High-

frequency screen capture, or Screenomes (Reeves et al., 2019), provides 

a richer view but is computationally intensive and difficult to anno­

tate at scale. The screen text sensor (Teng et al., 2024a), which uses 

Android’s accessibility services to collect textual screen content, offers 

a lightweight and scalable alternative. However, techniques for extract­

ing deep behavioural insights from this data are still limited. Our work 

addresses this gap by developing methods for analysing screen text, en­

abling explanations of both how people use their smartphones and why 

they engage in specific behaviours. Through this, we aim to demon­

strate the utility of screen text for behavioural insight and explanatory 

analysis.

2.1.1 . Smartphone next app prediction

Next-app prediction is a well-established research area in be­

havioural computing. Anticipating the app a user will open next can 

streamline interaction, improve battery life through resource optimisa­

tion, and enable more personalised services. Traditional approaches rely 

on machine learning models using features like time of day (Sarker and 

Salah, 2019), location (Solomon et al., 2022), and app usage history 

(Khaokaew et al., 2024). Much of this work has focused on maximising 

predictive accuracy. For example, Yan et al. (2012)’s FALCON system 

used a cost-benefit classifier on spatiotemporal data to pre-load likely 

apps, while Katsarou et al. (2022) applied LSTM models to recent app 

sequences. Markov models and statistical predictors for next-app pre­

diction have also incorporated cues such as last used app or current 

location (Parate et al., 2013). Middleware platforms like FutureWare 

extend these capabilities to anticipatory mobile computing (Mehrotra 

et al., 2021). However, these methods largely treat next-app prediction 

as a purely algorithmic task, prioritising accuracy over interpretability. 

Such models lack the ability to explain predictions, making it diffi­

cult to understand which user behaviours contributed to the outcome. 

Screen text offers a richer behavioural context by capturing the content 

users interact with (Fang et al., 2024), allowing us to infer users’ fo­

cus and reasoning. LLMs have the potential to provide natural-language 

explanations for predictions, shifting emphasis from pure accuracy to 

transparency and interpretability. The goal is to complement estab­

lished predictors with transparent, context-aware rationales for each 

prediction, rather than to compete on accuracy.

2.1.2 . ESM real-world activity prediction

Experience Sampling Method (ESM) is widely used to collect in-situ, 

real-time data on individuals’ behaviours and experiences (Trull and 

Ebner-Priemer, 2009). ESM questionnaires enable users to self-report 

real-world activities, including those not directly observable through 

smartphone data, and these can be analysed alongside smartphone usage 

patterns (van Berkel et al., 2017). Traditional approaches rely on sen­

sor data such as GPS, accelerometers, and app usage to infer activities 

(Beames et al., 2024), offering valuable context over time. However, the 
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integration of screen text presents new opportunities to improve model 

explainability. Since users frequently engage with their phones, the con­

tent on their screens often mirrors or influences their offline behaviour 

(Melumad and Pham, 2020). For instance, viewing travel websites may 

indicate upcoming trips, while reading recipes might precede grocery 

shopping. Analysing this screen text can offer deeper insight into the 

connection between digital interactions and real-world activity, as well 

as the smartphone usage sequences that precede them (Zhang et al., 

2024b).

2.1.3 . App usage activity

Traditional analyses of app usage focus on frequency and dura­

tion (Ferreira et al., 2014), app transitions (Monge Roffarello and De 

Russis, 2022), and app types (Böhmer et al., 2011), offering insight 

into general behavioural patterns. For instance, frequent messaging 

may reflect social activeness (Twenge et al., 2019), while high cam­

era use may indicate openness (Stachl et al., 2019). However, these 

methods reveal only which apps are used, not how they are used. 

This is an important distinction as individual intentions within apps 

can vary widely. Screen text analysis can close this gap by uncover­

ing the content users engage with inside apps (Teng et al., 2024a). For 

example, social media text may show whether a user is passively brows­

ing posts or actively conversing. This richer understanding enables more 

precise inferences about intentions, emotional states, and behavioural

patterns.

2.2 . LLMs in behavioural analysis

Large language models (LLMs) are increasingly used in behavioural 

analysis due to their ability to process complex, unstructured text data. 

Models like GPT-4 (OpenAI, 2023) and Llama 3 (Meta, 2024a) have 

been applied to sentiment analysis (Teng et al., 2024b), affect detection 

(Zhang et al., 2024c), and behavioural trend prediction.

A key strength of LLMs lies in their capacity to interpret unstructured 

and context-rich data (Cheung, 2024), which is common in smartphone 

interactions. Traditional approaches often depend on structured features 

and predefined categories (Moustafa et al., 2018), overlooking impor­

tant behavioural context (Rahma and Wantini, 2024). In contrast, LLMs 

can recognise linguistic cues that signal emotions, intentions, or mental 

states (Li et al., 2023), enabling more nuanced behavioural interpre­

tations. LLMs also support personalisation and adaptive interventions 

(Goslen et al., 2024), tailoring predictions to individual behaviour pat­

terns (Ke et al., 2024). This is especially valuable in health (Cornet 

and Holden, 2018) and education (Kucirkova et al., 2021), where un­

derstanding individual differences is essential. Fine-tuning LLMs on 

behavioural datasets further enhances their relevance by capturing 

domain-specific patterns (Parthasarathy et al., 2024; Ferrara, 2024).

However, interpretability remains a core challenge (Brown, 2024;

Singh et al., 2024). The opacity of LLMs makes it difficult to trace 

how outputs are generated. Explainability techniques such as chain-

of-thought prompting (Wei et al., 2022) offer potential solutions but 

have yet to be fully explored in noisy, high-volume behavioural contexts 

like screen text. As LLMs continue to scale, balancing predictive perfor­

mance, privacy, and interpretability will be critical for their responsible 

application in behavioural research.

3 . Methodology

3.1 . User study and dataset

We collected an in-the-wild dataset based on the methodology pre­

sented by Teng et al. (2024a), capturing data from 21 participants during 

a two-week field study. This dataset includes all textual data displayed 

on participants’ smartphone screens, representing their smartphone in­

teractions from a range of sources such as web browsing and media 

consumption. Textual data was collected using the screen text sensor, 

which is part of the AWARE-Light (van Berkel et al., 2022) smartphone 

sensor platform.

Experience sampling method (ESM) responses were also collected 

to capture participants’ behaviours, thoughts, and feelings during their 

daily activities, providing insights beyond their smartphone usage (van 

Berkel et al., 2017). Participants were asked to describe their primary 

activity for the five minutes before receiving each questionnaire. They 

had to respond in a single sentence, and did so five times a day. This 

five-minute window was selected to capture a recent snapshot of user 

activity while minimising the burden on participants in recalling their 

activities (Teng et al., 2024a).

Participants were recruited by completing an expression of interest 

form and providing their consent. They were then given instructions 

for setting up the app, joining the study, and completing ESM question­

naires. Participants were also informed about the functionalities of the 

AWARE-Light application and briefed on what data would be captured 

and how they would have control over this data. A three-day testing 

period ensured smartphone compatibility with AWARE-Light and accu­

rate data capture with the screen text sensor. Participants completed 

ESM questionnaires five times daily, between 10 a.m. and 6 p.m., de­

livered via notifications that expired after 15min (Ferreira et al., 2014). 

Participants were reimbursed upon completion of the study after the 

two-week period.

The study was approved by the University of Melbourne’s Office of 

Research Ethics and Integrity.

3.2 . Data preprocessing

The screen text sensor collects data in plain text, storing each text 

element and its screen coordinates as part of a single delimited string. 

We use these coordinates to arrange the text elements in a sequence 

that reflects their actual layout on the screen, following a top-to-bottom 

and left-to-right pattern. Since the screen text sensor captures all screen 

information whenever a change is detected, it frequently records over­

lapping text elements when users scroll. To reduce redundancy, we 

implement a de-duplication algorithm to remove these overlaps be­

tween successive screens, described in Appendix A. We then store this 

de-duplicated data in a JSON format.

To ensure that the input data matches our model’s requirements, we 

construct a pipeline that loads and configures the base model and to­

kenizer for fine-tuning. The tokenizer is configured with a custom chat 

template that defines the conversation structure of the model, which can 

be adapted based on the chosen base model. Additionally, we implement 

a mapping strategy to distinctly assign conversation roles and content at­

tributes, distinguishing between human and model-generated messages, 

which, in our experiments, correspond to the input prompt and expected 

output, respectively. Unlike traditional machine learning approaches, 

LLMs can process texts provided in their natural language structure 

(Mandvikar, 2023), without the need for preprocessing techniques such 

as manually creating vector representations of textual data.

Raw screen text inevitably contains noisy elements that are not di­

rectly indicative of user behaviour, including persistent interface labels 

and background text that remain on screen across multiple captures. 

We deliberately retained these elements in the input rather than fil­

tering them out, for two reasons. First, our de-duplication algorithm 

already removes repeated text from overlapping screen captures during 

scrolling, so persistent UI elements are collapsed into a single occurrence 

per screen rather than amplified across many, which is the most com­

mon form of redundancy. Second, because LLMs are trained on large 

volumes of web and application text, they are generally tolerant of in­

cidental UI noise and can extract meaning from the more semantically 

informative portions of a screen without explicit filtering. Aggressive 

rule-based removal of UI labels or advertisements would risk discard­

ing genuinely informative content, so we treated noise tolerance as a 

property the model was expected to provide.
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3.3 . Analysis and experimental setup

In line with our study’s goal of moving beyond accuracy, our use of 

LLMs focuses not only on generating predictions, but also on producing 

natural language explanations that reflect the model’s reasoning. These 

explanations allow us to interpret model behaviour, understand its mis­

takes, and surface latent behavioural patterns that might otherwise 

be missed in purely quantitative evaluation. This dual use of LLMs 

as both predictors and explainers supports a richer understanding of 

smartphone use through screen text, and helps to address limitations 

in interpretability that often affect traditional machine learning models.

In our study, we employ Meta’s Llama 3-8b-Instruct LLM as the base­

line for all our experiments. The open-source nature of this model allows 

for greater control over fine-tuning and facilitates an exploratory ap­

proach to personalisation and context-sensitive tasks using screen text. 

While its relatively smaller size reduces computational costs, it still of­

fers sufficient capacity for exploring nuanced patterns within screen text 

data. We utilise the Llama 3 tokenizer for processing and encoding the 

text data into a suitable format. We further customise the tokenizer by 

configuring it with Unsloth’s Llama-3 chat template, a framework that 

enhances the model’s ability to handle conversational data (Han and 

Han, 2024).

The fine-tuning process is conducted using a local copy of the Llama 

3-8b-Instruct model obtained from the Hugging Face platform (Meta, 

2024b). We use a batch size of 2 with gradient accumulation over 4 

steps, resulting in an effective batch size of 8, to optimise memory us­

age. We also incorporate a learning rate of 2e-4 with linear decay and 

the AdamW optimizer (Loshchilov and Hutter, 2017) for more precise 

weight adjustments. Each fine-tuning cycle runs for 5 epochs to balance 

robustness and computational efficiency. All experiments are conducted 

on an NVIDIA 80GB A100 GPU with mixed precision training.

4 . Experiments

4.1 . Experiment 1: next-app prediction

The ability to predict the next smartphone application a user is likely 

to open can promote advancements in user interface design and en­

hance user experience. Additionally, next-app prediction can lead to 

more efficient resource management on devices, optimising battery life 

and processing power by pre-loading frequently used applications in 

advance. This experiment involves predicting the next app that a user 

will open, based on the screen text currently visible on their device and 

the app they are currently using. We focus on exploring how fine-tuned 

models could potentially harness nuanced screen text context to refine 

next-app predictions and provide explanations for app usage behaviours. 

In contrast with generalised approaches, which aggregate multiple users’ 

data, we employ only individualised models for each participant in this 

experiment. Since each participant used a different set of apps, their data 

lacks the shared foundation that would ideally support a population-

wide model. Therefore, training individualised models allows us to 

capture each participant’s unique usage patterns more effectively.

4.1.1 . Training method and data preparation

To accommodate the unique behaviours of each individual, we de­

sign a pipeline to train multiple fine-tuned next-app prediction models 

for each participant in our study. Additionally, we aim to identify 

the most effective training and evaluation window within the 14-day 

period for screen text data, achieving an optimal balance between 

prediction accuracy and the necessary amount of training data. We 

evaluate six different training-evaluation splits based on consecutive, 

chronologically-ordered time periods, as outlined in Table 1:

We begin by loading the entire dataset and filtering it to include 

only the data from the participant currently being trained on. The data 

is then divided into training and evaluation sets according to the cur­

rent split. Since the screen text sensor also records the app where the 

text was captured and stores this information, each screen text entry 

Table 1 

Next-App prediction training and evaluation Splits.

Training Period Evaluation Period Notes

1 day 13 days –

2 days 12 days –

3 days 11 days 20/80 split

7 days 7 days 50/50 split

11 days 3 days 80/20 split

13 days 1 day Leave-One-Out

can be paired with the subsequent app to create screen text-next app 

pairs. The “next app” could be the same app paired with a different 

screen text entry, as we want our prediction to also capture when the 

user will stay on their current app. The final entry for each participant 

is discarded because there is no recorded next app for it. These pairs are 

then formatted into prompts for training, as detailed in Section 4.1.2. 

Altogether, the dataset comprises a total of 394 apps across a diverse 

range of categories including social media, internet, and shopping.

4.1.2 . Prompt design

Our goal is to fine-tune the base model using (screen text) and 

(next-app) pairs to help it understand the associations between the text 

displayed on the screen and the user’s subsequent app choices, while 

simultaneously adapting its explanations of these relationships to the 

user’s behavioural data. By training the model with these pairs, the 

model attempts to capture the contextual cues and patterns that influ­

ence app-switching behaviour. To evaluate the effectiveness of different 

screen text inputs, we train two types of models: one using only the 

screen text as the input data, and another using both the screen text 

and the current app name. This model comparison aims to determine 

whether the additional contextual information from the current app al­

lows the model to make more informed predictions, or if screen text 

alone provides sufficient context. This fine-tuning approach assesses the 

value of a targeted input dataset in improving the model’s understanding 

of screen text in relation to next-app prediction.

Additionally, we also train a next-app prediction model for each par­

ticipant using only their current app as input. We hypothesise that this 

method will be less effective at predicting the user’s next app compared 

to models that integrate the user’s screen text. The prompts for this 

experiment are provided in Appendix C.

4.1.3 . Evaluation method

For each participant, we first assess the performance of the base 

Llama 3-8b model in predicting the next app a user is likely to open, us­

ing this as our baseline. We then evaluate the effectiveness of the model 

trained only on their current app as input, using this as another baseline 

measure. For each participant, we filter the dataset to include only their 

relevant data and use their screen text and current app data as input to 

the model.

Then, we design an evaluation pipeline to assess the effectiveness 

of our fine-tuned models in comparison to the base model. For each 

evaluation run, we specify the participant and the training-evaluation 

split to ensure that the corresponding fine-tuned model is loaded. We 

filter the data for only the current participant and further refine it based 

on the chosen split to include only the days designated for evaluation. 

For each participant and split, we evaluate three distinct approaches:

• Screen Text Only: We include only the screen text as input to the 

model, which is trained only on screen text data.

• Screen Text and Current App (Text-Trained Model): We include 

both the screen text and the current app as input to the model, 

which is trained only on screen text data.

• Screen Text and Current App (Text and App-Trained Model):

We include both the screen text and the current app as input to the 

model, which is trained on both screen text and current app data.
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We subsequently load the fine-tuned model and tokenizer based on the 

current evaluation method. To evaluate the model’s responses, we pro­

vide each data entry in the evaluation dataset as a distinct prompt, which 

is formatted using the fine-tuned tokenizer with no caching between 

prompts. The predicted next app is extracted from the model’s response 

by removing all attached metadata referring to user roles. The resulting 

prediction is compared to the actual next app that the participant opened 

and marked as correct or incorrect. Finally, we obtain an overall predic­

tion accuracy by computing the number of correct predictions out of the 

total predictions. Each model is initially evaluated once with a tempera­

ture of 0 to establish a deterministic accuracy. After this, each evaluation 

is performed five times using a temperature of 0.6, which follows the de­

fault value provided in the base Llama 3 pipeline, adding an element of 

randomness in response generation to test the model’s robustness. The 

average accuracy is then computed across these five runs.

4.1.4 . Model explainability

In addition to evaluating the models for correctness, we randomly 

sample both correct and incorrect predictions from our fine-tuned 

models and prompt them for explanations to gain insights into the 

reasoning behind their responses. By exploring methods to understand 

the logic of these predictions, we aim to assess the models’ ability to 

provide reasonable explanations of the user’s decision-making process, 

thereby enhancing transparency and interpretability in understanding 

the models’ decisions.

These explanations are generated by providing the model with a 

screen text entry, the current app, the next app predicted by the model, 

and asking it to explain its reasoning in a paragraph. This approach 

helps us validate the model’s performance while ensuring that its outputs 

are understandable and justifiable, even in instances where it is incor­

rect. Understanding model explanations also resonates with the broader 

goal of giving end users visibility into how their data drives predictions, 

which is particularly important when personal textual data is being used. 

The prompt we use is shown below.

4.2 . Experiment 2: ESM activity prediction

Examining the relationship between screen text and real-world activ­

ities can enable a more comprehensive understanding of user behaviour 

on the smartphone and its impact on daily life. Screen text provides 

insights into the digital content users engage with, which may reflect, 

influence, or even diverge from their physical activities. Aligning ESM 

self-reports with screen text allows us to observe how well an LLM 

can discern real-world user contexts, potentially offering more bespoke 

interventions or recommendations.

4.2.1 . Training method and data preparation

We aim to identify whether a fine-tuned individualised model outper­

forms a fine-tuned generalised model in predicting real-world activity 

from smartphone use, or vice versa. To accomplish this, we design a 

pipeline that trains three distinct models for each participant in our 

study and evaluates their effectiveness.

We first load the datasets for both the screen text and the ESM re­

sponses. Four participants are excluded from the analysis because they 

completed less than half of the ESM questionnaires. The ESM question­

naire asks participants to report their activities during the five minutes 

preceding the questionnaire, which are then categorised into one of 10 

activity categories following the methodology discussed by Teng et al. 

(2024a). These activity categories are listed in Appendix B. To align 

with this, we identify all instances of screen text viewed within the five 

minutes before they received the questionnaire. As a result, each ESM 

response is associated with multiple screen text data entries. These can 

be organised into (screen text) and (ESM response) pairs for input when 

fine-tuning the model. If a participant did not use their phone in the five 

minutes preceding their questionnaire response, the entry is discarded. 

Of the 739 total ESM responses collected across the remaining 17 par­

ticipants, 189 (25.6%) were discarded under the five-minute phone-use 

Table 2 

Conceptual comparison of the three model types for ESM activity prediction.

Model Type Trained On Training Data 

Size

What It Tests

Individualised 

(80/20)

The user only Small (own 

data only)

Can a model learn from just 

your behaviour?

Generalised 

(LOO)

Everyone else Large (all 

other users)

Can a model learn from lots 

of other people instead of 

you?

Generalised 

(80/20)

Everyone else Small (pro­

portional)

Is the advantage due to 

better data or just more 

data?

criterion, leaving 550 (74.4%) for analysis. Next, we filter the combined 

dataset according to the type of model we are training.

Table 2 provides a high-level overview of the three model types and 

the question each is designed to answer. The corresponding training and 

evaluation splits are defined as follows:

• For the Individualised (80/20) Model, we use the first 11 days of 

the participant’s data for training and the last 3 days for evaluation, 

yielding an approximate 80/20 temporal split (Joseph, 2022).

• For the Generalised (Leave-One-Out) Model, we use all data from 

all other participants for training, and evaluate on the full data 

from the target participant.

• For the Generalised (80/20) Model, we randomly sample train­

ing data from other participants such that the training set is four 

times the size of the participant’s evaluation set, preserving the 

same 80/20 train/test ratio as in the individualised setting, and 

evaluate on the full data from the target participant.

The resulting (screen text) and (ESM response) pairs are then format­

ted into prompts for training, as detailed in Section 4.2.2.

4.2.2 . Prompt design

To fine-tune the model, we format each data point as a natural 

language prompt consisting of the screen text followed by a query ask­

ing the model to classify the user’s real-world activity. This prompt 

format enables the model to learn mappings between digital content 

and behaviour categories in an interpretable manner. We apply the 

same prompt structure across all three model types to enable consistent 

evaluation. The prompts for this experiment are provided in Appendix C.

4.2.3 . Evaluation method

Our evaluation pipeline for assessing the fine-tuned models’ ef­

fectiveness in predicting user ESM response categories mirrors our 

approach to next-app prediction evaluation. We begin by evaluating the 

effectiveness of the base Llama 3-8b model for each participant, which 

we use as the baseline. Then, for each evaluation run, we specify the 

participant and model type, ensuring the appropriate fine-tuned model 

is loaded. We then filter the dataset to include only data relevant to the 

evaluated participant and method. For each participant, we compare the 

three model types described above. For each evaluation, we load the cor­

responding fine-tuned model and tokenizer based on the current method. 

We then assess the model’s performance by formatting each entry in the 

evaluation dataset as a separate prompt using the fine-tuned tokenizer, 

with no caching between prompts. The predicted ESM response category 

is extracted from the model’s output by removing all attached metadata 

referring to user roles. We compare this prediction to the participant’s 

actual ESM response, marking it as correct or incorrect. The overall pre­

diction accuracy is then calculated as the ratio of correct predictions to 

total predictions. Each model is first evaluated with a temperature of 0 to 

establish a deterministic accuracy. Following this, evaluations are con­

ducted five times with a temperature of 0.6, and the average accuracy 

from these five runs is then calculated.
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4.2.4 . Model explainability

Similar to our next-app prediction approach, we prompt explanations 

from our fine-tuned model to better understand the reasoning behind the 

model’s responses. We provide the model with a screen text entry and 

the user’s activity category predicted by the model, and ask it to explain 

its decision in a paragraph. The prompt we use is shown below.

4.3 . Experiment 3: in-app activity clustering

While much of smartphone behaviour modelling focuses on app-level 

interactions, these approaches often overlook the diversity of user activ­

ity within individual apps. A single app can support a wide range of 

behaviours—for instance, one person might use a social media app to 

chat with friends, while another might use the same app to consume 

news content or browse professional updates. These intra-app differ­

ences are not captured by app name alone, yet they reflect meaningful 

variation in user intent and experience.

In this experiment, we use screen text to cluster in-app activity 

patterns, providing a more nuanced view of smartphone use. By sum­

marising and categorising user actions from textual content, we move 

beyond surface-level logs towards a deeper understanding of behaviour. 

In doing so, we aim to shift from prediction to explanation by reveal­

ing the routines and intentions behind app engagement. Understanding 

in-app activities also has important implications for applications in 

health, well-being, and user interface design. For example, distinguish­

ing between active messaging and passive scrolling within the same 

app could provide more precise indicators of sociability, mood, or at­

tention. Through clustering and activity summarisation, this analysis 

demonstrates the potential of screen text as a lens into everyday smart­

phone behaviour, offering interpretive insights that complement the 

prediction-focused tasks explored in earlier experiments.

4.3.1 . Data preparation

Given the large volume and diverse range of screen text that is cap­

tured from everyday smartphone use, we aim to summarise these texts to 

extract what activities users are engaged in. By summarising the text into 

concise activity descriptions, we can focus on aspects of the text that pro­

vide insights into user behaviour while increasing user privacy through 

data minimisation. We utilise the base Llama 3-8b-Instruct model to 

summarise these texts. This approach does not require the development 

or fine-tuning of new models, as the foundation model is already capa­

ble of summarising text with high accuracy across various contexts. This 

pre-trained capability allows for effective generation of concise screen 

text summaries, enabling us to analyse trends and patterns in the types 

of information that users engage with.

Our process for summarising the screen text uses a multi-step 

pipeline. First, we instruct the model to summarise the text from each 

screen into a few succinct sentences, effectively capturing the core con­

tent of what the user has viewed. This summarisation step is essential 

as it enables us to manage large volumes of text data while retaining 

key information. Next, we utilise the model again to transform each 

summary into a list of user activities, breaking down the summary to 

identify the types of content users are interacting with. For example, 

one user might be reading a news article on Google Chrome, while an­

other could be browsing online shopping sites. We then ask the model to 

cluster these activities into groups based on their thematic similarities, 

aiming to guide the model in finding topics related to user interaction. 

The topics and their corresponding activities are formatted as a dictio­

nary, where each key represents a topic, and the values are a list of 

associated words. Two of the authors independently review the full set 

of generated categories for each of the 10 apps included in the analy­

sis, checking each category against three criteria: semantic coherence 

(whether the activities grouped under a category are thematically re­

lated), non-overlap (whether categories are sufficiently distinct from 

one another), and behavioural plausibility (whether the category cor­

responds to a recognisable type of in-app activity rather than an artefact 

of the underlying text). Disagreements are resolved through discussion, 

with the model prompted to regenerate categories where both reviewers 

judge the original grouping to be incoherent or redundant. This ap­

proach highlights patterns and relationships between different types of 

interactions within the same app, providing insights into how various 

individuals use smartphone apps differently. The prompts used for these 

summarisation steps are described in Section 4.3.2. Following the cate­

gorisation process, each data entry is matched with the topic dictionaries 

to create a “topics” attribute, which lists the identified topics relevant to 

the screen text. We also record the duration each screen was viewed for 

by calculating the time difference between when the user first opened 

the screen and when they exited it. This multi-step design highlights 

our emphasis on developing privacy-preserving transformations for tex­

tual content, where the summarised screen text conceals raw data and 

personally identifiable information while retaining sufficient detail to 

uncover behavioural patterns.

4.3.2 . Prompt design

To explore how individuals interact with apps, we designed a series 

of prompts that utilise the base model’s summarisation capabilities. The 

first prompt focuses on summarising user activity by analysing the screen 

text and the app it originates from. The second prompt instructs the 

model to extract significant activities from the summarised user activity. 

The goal is to identify distinct actions that users perform, prioritising ac­

tivities involving direct interaction with their devices. The third prompt 

involves organising the extracted activities into thematic groups. The 

grouping of these activities under relevant topics can allow for more 

structured analysis of user interactions and behaviours. The prompts for 

this experiment are provided in Appendix C.

4.3.3 . Analysis methods

Following data preparation and extraction of activities from the 

screen text, we aggregate the data to calculate the total duration that 

each participant spent on each activity within individual apps.

We first analyse differences in activity usage across the apps using 

three metrics:

• Percentage of Total Time Spent on Each Activity: For each app, 

we calculate the percentage of total time users spent on each ac­

tivity. We normalise usage durations at the participant level to 

account for variability in total smartphone usage time among par­

ticipants. This analysis reveals which activities dominate usage 

within each app.

• Distribution and Evenness of Activities: Using Pielou’s Evenness 

Index, we assess how evenly the usage time is distributed across the 

10 activities within each app. A higher evenness index indicates 

that time is spread relatively equally across the activities, while a 

lower index suggests that a few activities account for most of the 

app’s usage time. This provides insights into whether certain apps 

are used for a variety of purposes or primarily for specific activities.

• Participant Engagement in Activities: For each app and activity, 

we calculate the number of participants who engaged in the ac­

tivity. This helps identify how widely each activity is used within 

the participant pool and whether some activities are more niche 

compared to others that are universally performed.

We also compute Pearson correlation coefficients across each pair of 

participants based on their time spent on each activity within each app to 

assess each individual’s degree of similarity in their app usage patterns. 

This analysis helps uncover whether certain behaviours are consistently 

shared among users or if there are distinct differences in how individuals 

engage with these apps. We utilise 𝑘-means clustering to group partic­

ipants based on their time spent on these activities, which can allow 

for visualisation of similarities across individuals. We restrict the list of 

apps for our analysis to the 10 most commonly used by participants 

in the study to ensure meaningful comparisons: Facebook, Facebook 
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Messenger, Gmail, Google Chrome, Google Maps, Google Messages, 

Google Photos, Instagram, WhatsApp, and YouTube.

5 . Results

5.1 . Experiment 1: next-app prediction

The base Llama 3-8b model demonstrates extremely low accuracy, 

averaging around 0.1% across the 14 days for all participants, indicating 

that it is not reliable for our domain. Similarly, models trained solely on 

the current app exhibit low performance, with an average accuracy of 

approximately 5% over the 14 days for all participants.

Using our models fine-tuned on the screen text, the majority of par­

ticipants (18 out of 21) achieved the highest performance in the 13/1 

split (64% ± 13%) in at least one of the three evaluation approaches, and 

this was similarly obtained by 16 participants in the 11/3 split (63% ±
12%). All three evaluation approaches showed consistent improvement 

in accuracy as more training data was included, with the greatest im­

provement occurring between 1 day (46% ± 16%) and 2 days (58% ±
14%) of training data, as shown in Fig. 1. Prompting the model trained 

on both the screen text and current app gave the highest overall scores 

for most participants and performed best across all splits. Overall, using 

both the screen text and current app as prompts on the model trained 

only on screen text resulted in the lowest prediction accuracy (56% ±
15%). In contrast, using the same prompts on the model trained with 

both screen text and app data achieved the highest prediction accu­

racy (63% ± 15%). However, no significant differences in accuracy were 

present between the three evaluation approaches, as displayed in Fig. 4.

We also observe several individual characteristics. For example, al­

though most participants show an upward trend in performance as the 

split ratio increases, some participants, such as P9 and P10, have a 

peak in performance in the middle split (7/7) followed by a slight de­

cline. Additionally, some participants, such as P4, and P17, show notably 

higher performance when including both the screen text and current app 

in their prompts and evaluation model. On the other hand, other partic­

ipants, such as P5 and P15, perform better when evaluated on models 

trained only on their screen text.

Given the skewed nature of app usage distributions, where a small 

number of apps account for the majority of interactions, we addition­

ally compute macro F1 scores to assess performance more equally across 

all app classes. These results are reported in Appendix E. While macro 

F1 provides an important fairness-aware perspective, accuracy remains 

our primary evaluation metric. This is because, in practice, models de­

ployed in real-world settings should prioritise correct predictions on 

frequently used apps, which often have a greater impact on user ex­

perience. Moreover, in-the-wild app usage tends to follow naturally 

skewed patterns, where certain apps are used far more frequently than 

others. Therefore, overall accuracy more closely aligns with the system’s 

practical effectiveness.

Fig. 1. Next-App Prediction Accuracies by Training/Evaluation Split.

Overall, we observe remarkably consistent results for each par­

ticipant across both the run with a temperature of 0 and the five 

runs with a temperature of 0.6 for each evaluation method and split, 

resulting in a negligible standard deviation. We provide the mean accu­

racies for each participant, across all evaluation methods and splits, in

Appendix D.

Because the next-app task includes cases where the user remains in 

the current app, we additionally report accuracy separately for same-

app continuations and app switches in Figs. 2, 3, 5, 6. The two cases 

produce noticeably different accuracies. Same-app continuations are 

predicted with high accuracy across all splits (rising from 69% at the 

1/13 split to 84% at the 13/1 split), while app switches are predicted 

Fig. 2. Next-App Prediction Accuracies by Training/Evaluation Split (Same 

App).

Fig. 3. Next-App Prediction Accuracies by Training/Evaluation Split (App 

Switch).

Fig. 4. Next-App Prediction Accuracies by Prompting and Training Mode.
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Fig. 5. Next-App Prediction Accuracies by Prompting and Training Mode (Same 

App).

Fig. 6. Next-App Prediction Accuracies by Prompting and Training Mode (App 

Switch).

with substantially lower accuracy (29% to 36% across splits). The same 

pattern holds across prompting conditions, where the best-performing 

condition for same-app continuations (screen text and current app as 

prompts on the model trained on both) reaches 84% mean accuracy, 

while the same condition reaches only 37% on app switches. This indi­

cates that a meaningful portion of the overall accuracy reported above 

is driven by the model correctly learning when a user will stay in their 

current app, which is a much more common occurrence in participant 

behaviour compared to genuine app switches. The app-switch numbers 

nonetheless remain well above the  5% baseline obtained by the current-

app-only model, suggesting that screen text does indicate switching 

behaviour.

5.1.1 . Model explainability

To illustrate how our fine-tuned models determine how the current 

text a user is viewing may influence their next app choice, we present 

one example each of a correct and incorrect prediction, along with 

the model’s explanation for its decision, as shown in Tables 3 and 4, 

respectively.

5.2 . Experiment 2: ESM activity prediction

The base Llama 3-8b model produces a very low accuracy, with an 

average of about 1% across all participants, suggesting that it is not 

well-suited to our specific data.

We compare three model types for ESM activity prediction: an 

individualised model trained on a participant’s own data (80/20 tem­

poral split), a generalised (leave-one-out) model trained on all data 

from other participants, and a generalised (80/20) model trained on 

Table 3 

App prediction model response explanations—correct example.

Screen Text Current App Predicted Next 

App

Actual Next 

App

Pick Up Now Domino’s 

Carlton (Vic) Add a Voucher 

Apply THE VOUCHER IS 

NOT ACCEPTED BY YOUR 

SELECTED STORE. Domino’s 

Wallet

Domino’s App Google Chrome 

(✓)

Google

Chrome

Explanation: I predicted that the user would go to the Google Chrome app

next because the error message on the Domino’s app is likely to frustrate the 

user and prompt them to seek a solution online. The user may want to search 

for answers or troubleshooting tips to resolve the issue with the voucher code, 

and Google Chrome is a convenient app to access the internet and search for 

relevant information. By opening Google Chrome, the user can quickly search 

for Domino’s customer support, FAQs, or online forums where they may find 

a resolution to the issue, making it a likely next app for them to open.

Table 4 

App prediction model response explanations – incorrect example.

Screen Text Current App Predicted 

Next App

Actual Next 

App

How to Politely Stop Your 

Rambling Co-worker | The 

Muse Menu

Google Chrome Slack (✘) WhatsApp

Explanation: I predicted that the user would next go to the Slack app because 

the text they viewed on Google Chrome is an article from The Muse, a pop­

ular career development website, and the topic is how to politely stop a 

coworker from rambling. Given that the user was likely reading this article 

at work, I inferred that they are currently using Slack, a common workplace 

communication platform, to collaborate with their colleagues. The user may 

have read the article, and now wants to apply the tips to their own work sit­

uation, perhaps by sending a direct message or making a comment in a 

channel to politely interrupt their rambling coworker.

a volume-matched subset of other-user data to maintain an 80/20 split 

relative to the target participant’s evaluation set size.

The generalised (leave-one-out) models demonstrate a higher over­

all mean accuracy (87% ± 22%) compared to the individualised models 

(81% ± 27%). However, this difference is not statistically significant, 

as indicated by the Wilcoxon signed-rank test, suggesting that both ap­

proaches may have comparable overall performance. The results suggest 

that when trained on large-scale population data, generalised models 

can perform comparably to personalised models for this task. In con­

trast, the generalised (80/20) models, which use a limited amount of 

other-user data matched to the participant’s evaluation volume, per­

form substantially worse (60% ± 23%). A Wilcoxon signed-rank test 

reveals that the individualised models have significantly higher predic­

tion accuracies compared to the generalised (80/20) models (𝑊 = 14.0, 

𝑝 < 0.01). The median paired difference is 25%, with an interquartile 

range of 26.3% and a large effect size (𝑟 = 0.76).

Examining individual participants, we find that the individualised 

model outperforms the generalised (leave-one-out) model for approx­

imately half of the participants (9 out of 17). Conversely, for the 

remaining 8 participants, the generalised (leave-one-out) model per­

forms better. Notably, there is an instance of an extreme difference 

between the two models for one participant. P8 shows a drastic in­

crease in accuracy from 36% with the individualised model to 97% with 

the generalised (leave-out-one) model and 76% with the generalised 

(80/20) model. Across all other participants, the generalised (80/20) 

model performs the worst, and there are no significant differences 

between the performance of the other two models (Fig. 7).

Similar to our observation with next-app prediction, we find consis­

tent results for each participant across both the run with a temperature 
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Fig. 7. ESM Activity Prediction Accuracies by Model Type.

of 0 and the five runs with a temperature of 0.6 for each model type, 

producing a negligible standard deviation. 

5.2.1 . Model explainability

To demonstrate how our fine-tuned models reason about how the 

text a user is viewing can predict their current self-reported real-world 

activity, we provide one example of both a correct and an incorrect pre­

diction, along with the model’s rationale for each, as detailed in Tables 5 

and 6, respectively.

Table 5 

ESM prediction model response explanations—correct example.

Screen Text (Excerpt) Predicted Activity 

Category

Actual Activity 

Category

Indiana Jones and the Dial of Destiny – 

Rotten Tomatoes navigation bar WHAT 

TO KNOW Critics Consensus It isn’t as 

thrilling as earlier adventures, but the 

nostalgic rush of seeing Harrison Ford 

back in action helps Indiana Jones and 

the Dial of Destiny find a few final bits of 

cinematic treasure. Read critic reviews

Entertainment (✓) Entertainment

Explanation: I predicted the activity category as “Entertainment” because the 

user is currently on the Rotten Tomatoes website, which is a popular platform 

for reviewing and discovering movies, TV shows, and other forms of enter­

tainment. The specific page they are on is about a movie, “Indiana Jones and 

the Dial of Destiny”, which is a well-known franchise. The content on the 

page includes a summary, critic reviews, and a navigation bar, all of which 

suggest that the user is engaged with the movie’s information. Additionally, the 

presence of a “Critic Consensus” section and the mention of “cinematic trea­

sure” further reinforce the entertainment theme. Overall, the combination of 

the website, the content, and the context all point to the user being engaged 

in an entertainment-related activity.

Table 6 

ESM prediction model response explanations—incorrect example.

Screen Text (Excerpt) Predicted Activity 

Category

Actual Activity 

Category

Time to BeReal. 2 min left to capture a 

BeReal and see what your friends are 

up to!

Socialising (✘) Shopping

Explanation: I predicted the activity category as “Socialising” because the text 

appears to be a notification or prompt from the BeReal app, which is a social 

media platform that encourages users to share unedited, real-life moments. 

The language used is inviting and encouraging, urging the user to “capture 

a BeReal” and “see what your friends are up to”, indicating that the app is 

facilitating social interaction and community engagement. The tone is also

casual and informal, which is consistent with the tone often used in social 

media platforms. Overall, the text suggests that the user is likely engaged in a

social activity, specifically using the BeReal app to share and view content 

with their friends.

5.3 . Experiment 3: in-app activity exploration

We conduct four analysis tasks to understand usage patterns across 

different apps: the percentage of time spent on each activity within in­

dividual apps, the evenness of activity distributions across apps, the 

number of participants engaging in each activity, and the relationships 

between intra-app activities. These analyses provide insights into how 

users allocate their time across activities, how balanced app usage is 

across their functionalities, and which activities are most widely adopted 

by participants.

Analysing the percentage of total time spent on activities within in­

dividual apps reveals clear patterns of usage, as shown in Appendix F. 

Facebook usage is dominated by “Content and Media” which accounts 

for 68.4% of total time, followed by “Communication” (19.8%), while 

all other activities contribute less than 7%. Similarly, Instagram usage 

is concentrated on “Posts and Content” (64.8%) and “User Interaction” 

(30.0%), reflecting its focus on content creation and engagement. In 

contrast, apps like Google Maps and Google Chrome exhibit more 

balanced usage patterns. In Google Maps, time is distributed across 

“Navigation” (35.4%), “Places and Points of Interest” (25.0%), and 

“Reviews and Ratings” (15.0%), reflecting its more diverse methods of 

use. Google Chrome displays a similar distribution, with “Information 

and Resources” (40.7%) and “General Web Content” (22.7%) being 

the primary activities, complemented by smaller usage in “Multimedia 

and Entertainment” (10.6%) and “Shopping and E-commerce” (10.2%). 

These results highlight the differences between apps that cater to a 

variety of purposes and those that are more specialised in their usage.

Pielou’s Evenness Index provides insights into how evenly time is dis­

tributed across activities within each app, illustrated in Fig. 8. Google 

Maps has the highest evenness score (0.76), indicating that its usage is 

spread across various features, such as navigation, reviews, and points 

Fig. 8. Activity Usage Distributions.
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Fig. 9. Participant Hierarchical Clustering.

of interest. Google Chrome (0.73) and WhatsApp (0.68) also display rel­

atively high evenness. Conversely, Instagram has the lowest evenness 

score (0.38), reflecting its overwhelming focus on “Posts and Content” 

and “User Interaction”, with limited use of other features. Facebook 

(0.44) and Gmail (0.48) also show low evenness, demonstrating a con­

centration on specific activities like messaging and email. These findings 

align with the results of the previous task.

The number of participants engaging in each activity reveals addi­

tional information about usage breadth, as provided in Appendix G. 

Gmail and Google Chrome see high engagement across key activities, 

with 20 participants using “Emails and Messages” in Gmail and 19 

participants accessing “General Web Content” and “Information and 

Resources” in Chrome. Google Maps also demonstrates widespread en­

gagement, with 19 participants exploring “Places and Points of Interest” 

and performing “Search and Query” tasks. In contrast, Facebook and 

Instagram show narrower engagement, with fewer participants ac­

cessing peripheral activities. For instance, only 4 participants engage 

with “Job and Career” on Facebook, while Facebook Messenger’s 

“Marketplace and Shopping” activity is accessed by just 8 participants. 

Similar to the previous tasks, these patterns suggest that while some apps 

have features widely adopted by most participants, others are dominated 

by core functionalities with limited use of less central activities.

We also compare activity usage duration among participants using 

Pearson’s correlation coefficient. By calculating these correlation coeffi­

cients, we can identify which participants exhibit similar behaviours in 

app usage. These correlations can then be used for hierarchical cluster­

ing, allowing us to group participants based on the degree of similarity in 

their behaviours using 𝑘-means clustering with Euclidean distance and 

visualise these relationships through a dendrogram, as shown in Fig. 9. 

These visualisations allow for clearer identification of participant groups 

and can highlight individuals who may exhibit unique characteristics or 

behaviours. We cluster our participants into 6 clusters based on their 

app usage characteristics, with their behavioural patterns described in 

Table 7.

To extend our analysis beyond individual apps, we examine correla­

tions between in-app activity patterns across different apps. We do this 

by calculating the time spent on every app-activity pair for each par­

ticipant. We then compute the Pearson correlation for each app-activity 

pair across all participants. Table 8 lists examples of strong observed 

correlations, where increased engagement in one activity is consistently 

associated with increased engagement in the other.

6 . Discussion

6.1 . Experiment 1: next-app prediction

We aim to predict the next app a user is likely to open based on their 

smartphone screen text and current app usage. Our findings indicate 

Table 7 

Participant Clusters and Activity Usage Characteristics.

Cluster Participants Description

Cluster 1 – 

Everyday 

Enthusiasts

P2, P3, P4, P8, P10, 

P12, P13, P15, P16, 

P18, P19, P20, P21

Typical usage patterns across a 

range of apps

Cluster 2 – Video 

Voyagers

P9, P14 Consumes large amounts of video 

content across multiple plat­

forms (Facebook, Google Chrome, 

Instagram, YouTube), low usage 

of communication-focused apps 

(WhatsApp)

Cluster 3 – Feed 

Fanatics

P6, P11 Uses social media heavily to view 

posts (Facebook, Instagram) 

and chat with others (Facebook 

Messenger, Instagram, WhatsApp), 

does not use productivity apps 

much (Gmail)

Cluster 4 – 

Surfing Shopper

P7 Spends a lot of time online shop­

ping (Google Chrome) and viewing 

related ads (YouTube)

Cluster 5 – 

Browsing 

Brainiac

P17 Primarily uses only communica­

tion apps (Facebook Messenger, 

Google Messages, WhatsApp) to 

chat with others, makes a lot of 

web searches and views news con­

tent (Google Chrome), does not 

view social media posts at all

Cluster 6 – Social 

Streamers

P1, P5 Prevalent social media usage for 

messaging others and viewing 

social media posts (Instagram, 

WhatsApp), spends long dura­

tions watching videos and reading 

comments (YouTube)

Table 8 

Examples of high Inter-App activity correlations across Participants.

App 1 Activity App 2 Activity Correlation

Gmail: News and Updates WhatsApp: Calls and Audio 0.986

Gmail: Invitations and Events WhatsApp: Calls and Audio 0.970

Google Maps: Navigation WhatsApp: Reactions and 

Emojis

0.921

Gmail: Transactions and 

Financials

WhatsApp: Media and 

Attachments

0.902

Facebook: Financial and 

Transactions

Instagram: Promotions and 

Advertisements

0.886

Facebook: Surveys and 

Feedback

Instagram: Promotions and 

Advertisements

0.876

Gmail: Invitations and Events WhatsApp: Content and 

Posts

0.862

Instagram: Events and 

Locations

YouTube: Community and 

Social

0.856

Facebook Messenger: 

Marketplace and Shopping

Google Chrome: Shopping 

and E-Commerce

0.839

Google Chrome: Shopping 

and E-Commerce

WhatsApp: Links and 

Websites

0.815

that screen text can be effective for next-app prediction, and incorporat­

ing both screen text and current app information into the model further 

improves prediction accuracy. This reinforces the idea that personal con­

text derived from the specific text a user engages with can enhance a 

model’s ability to anticipate user behaviour (Peters et al., 2024). Beyond 

accuracy, our approach emphasises why a particular prediction might be 

made, providing richer insight into the underlying factors that drive a 

user’s decision-making process. We note, however, that the aggregate ac­

curacy figures conflate two qualitatively different tasks: predicting that 

a user will remain in their current app, and predicting a true app switch.

The results show that the majority of participants achieve their high­

est prediction accuracy with the 13/1 split, followed closely by the 11/3 

split. This follows the notion that a greater amount of training data 

generally leads to better model performance in predictive modelling 

(Junqué de Fortuny et al., 2013). The sharp improvement observed 
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between the one-day and two-day training splits highlights the impor­

tance of providing the model with sufficient data to capture temporal 

patterns in user behaviour. This finding suggests that a one-day snap­

shot of user interactions is likely insufficient for uncovering deeper 

preferences, whereas even a modest extension to two days can yield 

substantially improved performance in personalised settings (Munappy 

et al., 2022). Our comparison of different prompting methods reveals 

that models trained on both screen text and current app data outperform 

those trained only on screen text. This suggests that the additional con­

textual cues provided by the current app can be beneficial in enhancing 

next-app predictions (Zhao et al., 2019b). However, the lack of signif­

icant differences across the three evaluation approaches indicates that 

screen text alone can be highly informative, especially with sufficient 

data volume.

The individual differences we observe among participants further 

illustrate the impact of fine-tuning. While most participants show im­

proved performance with increased training data, some exhibit peak 

performance with a smaller amount of training, suggesting that too 

much data might cause overfitting (Montesinos López et al., 2022). 

Additionally, the variability in performance based on whether the cur­

rent app is included in the prompts suggests that its predictive value is 

dependent on how much additional context it provides. In some cases, 

the screen text alone may already indicate the current app, making its 

inclusion redundant or even introducing noise if the model is not trained 

on this information. For some participants, the current app provides im­

portant context that significantly enhances prediction accuracy, while 

for others, the screen text alone is a sufficient indicator of their next 

used app, suggesting that optimal strategies may vary across users.

Another important aspect lies in the LLM’s ability to provide expla­

nations for their next-app predictions. As illustrated in Tables 3 and 4, 

the fine-tuned model attempts to rationalise its decision based on the 

contextual cues present in the screen text and the user’s current app. 

Importantly, these explanations offer interpretive insights that can help 

users, developers, and researchers understand the reasoning behind a 

prediction. By doing so, we move beyond purely end result-focused 

modelling towards a framework where user behaviour becomes more 

transparent and comprehensible. Even though the model can still make 

incorrect predictions, such as predicting Slack when the user actually 

switched to WhatsApp, the rationale behind its decision highlights the 

thought process that led to the error (Eigner and Händler, 2024). This 

transparency could facilitate more informed refinements to the model, 

such as ensuring it leverages a more representative dataset, or incor­

porates additional contextual features from the data to better capture 

the nuances of each user’s behaviour. Moreover, displaying these self-

explanations to users can potentially enhance trust, as individuals are 

more likely to adopt predictive technologies when they can see and un­

derstand the reasoning process behind these suggestions (Wanner et al., 

2022).

Overall, our results indicate the feasibility of leveraging screen text 

for next-app prediction and highlight the importance of customisable 

models that adapt to individual usage patterns. By incorporating on-

device training or hybrid approaches that protect screen text privacy, 

models could dynamically tune the amount of contextual information 

used based on observed behaviour, further refining next-app prediction 

while remaining applicable across diverse user groups. Alongside these 

predictions, the explanations derived from these predictive models serve 

as a valuable resource for promoting trust, as users gain a clearer sense 

of why specific apps are recommended. Developers and researchers sim­

ilarly benefit by identifying opportunities to optimise recommendation 

models, reduce biases, and design more intuitive interfaces, aiding the 

creation of more personalised and transparent recommendation systems.

6.2 . Experiment 2: ESM activity prediction

Although predicting real-world activities from screen text is a com­

plex task, we observe that there is strong potential for gaining deeper 

insight into user behaviour through their smartphone usage. Across the 

three model types – individualised, generalised (leave-one-out), and gen­

eralised (80/20) – we find that both individualised and generalised 

(leave-one-out) models achieve high overall accuracy, with no statis­

tically significant difference between them. This suggests that when 

trained on large-scale data from other users, generalised models can ap­

proximate or even match the performance of personalised models for 

many individuals. This is promising for real-world deployment scenar­

ios where personalisation may not be feasible, and large, aggregated 

training datasets are available.

However, when we control for training data volume by using the 

generalised (80/20) model, where the training set is matched to a four-

to-one ratio (80/20 split) relative to each participant’s test set in a way 

similar to the individualised condition, we observe a substantial and 

statistically significant performance gap in favour of the individualised 

models. On average, the individualised models outperform the filtered 

generalised models by over 20 percentage points in accuracy, with a 

large effect size. This indicates that when data is constrained, training 

on a participant’s own behavioural patterns is more effective than using 

an equivalent amount of data from other users.

Notably, the generalised model significantly outperforms the individ­

ualised model for P8, suggesting that a limited or unrepresentative per­

sonal dataset may limit the effectiveness of personalisation (Campagner 

et al., 2023). Conversely, the poor performance of all models for P1 

suggests that certain activities might be inherently more challenging 

to predict based on screen text alone. This could be due to a vari­

ety of factors, such as the ambiguity of the text, less distinct patterns 

of smartphone use, or real-world activities that do not strongly cor­

relate with digital behaviour (Baumel and Yom-Tov, 2018). However, 

the consistency in results across all the runs for each participant and 

model type, with negligible standard deviation, suggests overall robust­

ness of our models. This stability is essential for developing reliable and 

reproducible models, and we further recommend conducting multiple 

iterations when evaluating models to ensure their robustness (Raschka, 

2018). These results point to a trade-off between scalability and ac­

curacy. Generalised models trained on large datasets offer practical 

benefits for scalable deployment, especially in contexts where collecting 

personal data is not viable. However, in domains where personalisation 

is critical, such as mental health monitoring, education, or digital inter­

ventions, investing in individualisation can provide meaningful gains in 

predictive performance (Johnson et al., 2020).

In addition to numeric accuracy, our models also support interpre­

tive insights through generated explanations. Taken together with the 

quantitative results, this highlights the utility of screen text for bridging 

digital interactions and real-world experiences.

Our study also highlights how LLMs can provide interpretive in­

sights into real-world activity predictions by explaining their decisions. 

Unlike the next-app prediction task, where explanations predominantly 

focused on in-app cues and immediate user intent, the rationales here 

focus on bridging a user’s digital interactions with their daily offline 

behaviours. These explanations can uncover subtle linkages between 

activities, which can be especially informative in contexts where nu­

merical accuracy does not fully capture a user’s lived experience. These 

include behaviours such as a series of calendar notifications before re­

porting “Working”, or reading film reviews preceding “Entertainment”. 

Tables 5 and 6 show how the fine-tuned model interprets screen text 

to infer activity categories, highlighting how seemingly routine smart­

phone interactions can shed light on underlying real-world behaviour 

(Nakamura, 2015). These patterns reinforce that screen text contains sig­

nals relevant to users’ self-reported contexts, and that LLMs are capable 

of surfacing such associations through both classification and narra­

tive explanation. This interpretive ability can be particularly valuable 

in domains like health and well-being, where understanding the digi­

tal cues preceding certain activities could inform early intervention or 

tailored support for individuals (Olawade et al., 2024). By examining 

these rationales, designers and researchers can not only refine prediction 
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algorithms but also gain insight into the personal nuances of user be­

haviours that standard accuracy metrics might obscure. Additionally, 

this emphasis on transparency allows predictions to be assessed, mak­

ing it easier to detect biases and incorrect assumptions in the model 

while promoting user trust in data-driven interventions.

Overall, these findings suggest that both individualised and gener­

alised models have value, but in different contexts. Therefore, it may be 

worthwhile to explore hybrid approaches where model training is con­

ducted on a mix of data specific to the user and more general, readily 

available data collected over time from other users. Additionally, in­

vestigating the specific characteristics of users who benefit more from 

personalisation could contribute towards exploring the balance between 

individualised and generalised predictive models.

6.3 . Experiment 3: in-app activity exploration

Our findings demonstrate the applicability of screen text in under­

standing in-app activity usage. This level of behavioural granularity 

offers a much deeper and more nuanced view of user behaviour than 

simply tracking app usage, which often fails to capture the diverse ways 

in which an app can be used (Brinberg et al., 2021). For instance, as our 

study suggests, two individuals might both use a social media app like 

Instagram, but one might be primarily engaged in messaging friends, 

while the other is more focused on reading posts. Screen text analysis 

allows us to distinguish these different modes of interaction, and this 

information can enhance existing research across various use cases.

One of the primary benefits of being able to analyse in-app activities 

through screen text is the potential for more personalised and context-

aware interactions. For example, identifying high levels of passive social 

media consumption might indicate low mood (Zubair et al., 2023), while 

frequent messaging activity could signal strong social support networks 

(Yue et al., 2023). Such distinctions allow healthcare professionals or 

well-being applications to offer more targeted advice or interventions 

(Tong et al., 2021). Additionally, this capability could enhance the 

development of smarter, more intuitive digital assistants and bespoke 

features within apps.

Our study shows that the ability to categorise in-app activities and 

cluster individuals based on screen text can also contribute to a more 

detailed understanding of user habits. This insight not only informs app 

design but can also enhance user experience when using smartphones. 

Developers can leverage this data to identify underutilised areas of their 

app or features that fall short of expected engagement with certain de­

mographics. By analysing how often these patterns occur within each 

app session, they can design new features that align more closely with 

user interaction patterns (da Silva et al., 2022). Additionally, clustering 

users based on their behaviour allows for identifying groups of similar 

users and enables relevant customisation of recommendation algorithms 

(Yalcin and Bilge, 2021). By recognising patterns among users with 

similar habits, recommendations can be made that align more closely 

with their preferences, while also offering recommendations of new 

content or features that may appeal to users with different usage pat­

terns (Kulkarni and Rodd, 2020). This approach can allow for more 

precise and personalised recommendations, leading to an enhanced user 

experience.

In addition to within-app usage patterns, our analysis reveals strong 

behavioural correlations across different apps, suggesting that certain 

activity types tend to be engaged with at similar levels. For example, 

users who frequently engage with Gmail activities such as “News and 

Updates” or “Invitations and Events” also tend to show high engage­

ment with WhatsApp activities like “Calls and Audio” and “Media and 

Attachments.” These associations may reflect shared behavioural ten­

dencies, suggesting that users often engage with complementary infor­

mational and social content across platforms. Similarly, the strong cor­

relation between “Google Maps: Navigation” and “WhatsApp: Reactions 

and Emojis” may point to a shared context of mobility and communica­

tion, such as reacting to location updates or coordinating plans. We also 

observe consistent cross-platform links between commerce-related ac­

tivities, such as “Facebook: Financial and Transactions” and “Instagram: 

Promotions and Advertisements,” or “Facebook Messenger: Marketplace 

and Shopping” and “Google Chrome: Shopping and E-Commerce.” These 

examples suggest that users may pursue similar goals across different 

digital platforms, and that screen text-based analysis can reveal these 

multi-app routines.

An additional consideration is the role of data minimisation and sum­

marisation in reducing privacy exposure without undermining model 

performance. Rather than transmitting or storing raw screen text, de­

velopers and researchers could implement summarisation or partial 

anonymisation techniques to obfuscate sensitive details while retaining 

key behavioural indicators. However, summarisation may not guarantee 

privacy preservation. Due to poor instruction-following or hallucina­

tions, LLM-generated summaries could still retain names, inferred rou­

tines, or even information about third parties who did not consent to the 

study. Summarisation should therefore be treated as one component of a 

broader privacy-preserving pipeline, most usefully when combined with 

on-device processing and explicit redaction of sensitive entities, rather 

than as a privacy guarantee in itself. Balancing fidelity and protection 

is a critical challenge in smartphone sensing studies with large volumes 

of data (Harari et al., 2016). If summarised data can approximate the 

semantic meaning of the raw text, it could assist in developing more 

user-trusted data pipelines, particularly in highly personal domains such 

as health and well-being. As summarisation capabilities and on-device 

LLMs mature, researchers may increasingly opt for partial data expo­

sures, aligning with growing ethical and regulatory demands for data 

minimisation (Patil et al., 2025).

Our results demonstrate the potential to move beyond surface-level 

app usage data to understand the specifics of user behaviour, leading 

to more tailored experiences across different domains. By finding the 

right balance between the volume of information captured and privacy 

safeguards, it becomes possible to harness the richness of screen text 

for advanced behavioural analysis while ensuring that users maintain 

confidence in how their personal data is handled.

6.4 . Ethical, privacy, and methodological considerations

6.4.1 . Privacy and ethics

Screen text is inherently sensitive, as it can easily contain personal 

or confidential information. Therefore, the use of such data requires a 

careful approach to ensure that user privacy is preserved at all stages of 

data collection, analysis, and storage.

Our findings suggest that for certain behaviour prediction tasks, a 

generalised model trained on aggregated data may perform compara­

bly to an individualised model for a large portion of the population. 

Relying on a generalised approach can greatly reduce the need for in­

dividuals to share extensive personal screen text data, thereby limiting 

potential privacy risks. However, for some users with more distinctive 

or less typical patterns of smartphone use, such as P7 and P17, an indi­

vidualised model could yield meaningful gains in prediction accuracy. 

In those cases, our results show that collecting just two days of an in­

dividual’s data substantially improves model performance compared to 

using only one day’s data, rising from 46% to 58%. This improvement is 

beneficial because it demonstrates meaningful gains in accuracy without 

requiring extensive data collection over prolonged periods.

One mitigation strategy for the privacy concerns associated with 

screen text data is the utilisation of on-device LLMs and analysis tools 

(Xu et al., 2023). These tools perform all computations directly on the 

user’s device, ensuring that sensitive data does not leave the user’s lo­

cal environment. By keeping data processing and analysis entirely on the 

device, the risk of data breaches, unauthorised access, or misuse by third 

parties is significantly reduced (Peng et al., 2024). This approach allows 

users to retain full control over their data, which is particularly impor­

tant when dealing with personal and potentially sensitive information 

such as screen text. The trend towards on-device processing aligns with 
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broader developments in privacy-preserving machine learning, which 

seek to empower users by decentralising data processing (Abramson 

et al., 2020). This method minimises the need to transmit data to remote 

servers, thereby mitigating vulnerabilities associated with data trans­

fer and storage in cloud environments. Additionally, on-device LLMs 

can deliver real-time interventions and personalised recommendations 

at reduced latency and without compromising user privacy. This func­

tionality is crucial in applications requiring timeliness, such as in health 

monitoring (Li et al., 2024b).

However, user autonomy and consent remain vital. Users should 

be given clear instructions to opt-in to on-device processing and be 

provided with options to manage or delete their data based on their pref­

erences (Kreuter et al., 2018). Additionally, the potential for errors exists 

in predicting user behaviour using their screen text. Misinterpretations 

or inaccuracies in the data analysis could lead to incorrect assump­

tions about a user’s intentions, behaviours, or preferences. Such errors 

could have negative consequences, especially in sensitive applications 

like well-being or health interventions. For instance, an incorrect predic­

tion might result in misleading advice, which could negatively impact 

a user’s decision-making (P.S. D.V., 2023). Therefore, it is essential to 

ensure that users are fully informed about the nature of the data be­

ing collected, how it will be used, and the limitations of the predictive 

models.

Finally, we caution against treating LLM-based summarisation as a 

guarantee for privacy preservation. Although summarisation reduces the 

volume of text retained and can omit verbatim content, the resulting 

summaries may still encode sensitive information. The privacy benefit 

of summarisation therefore depends on what the summarisation step is 

explicitly instructed to omit, where it is performed (on-device versus in 

the cloud), and what downstream systems do with the output.

6.4.2 . LLM scalability

While LLMs offer significant potential for enhancing predictive mod­

els, their scalability remains a challenge, given the resource-intensive 

nature of fine-tuning (Patil and Gudivada, 2024). As participant numbers 

grow, so do computational demands, creating challenges for large-scale 

research on LLM fine-tuning. Furthermore, although on-device LLMs of­

fer a platform for privacy-preserving analysis, the limited processing 

power of smartphones constrains their capabilities compared to more 

powerful, cloud-based models (Li et al., 2024a). Although smaller on-

device models, like Gemma 2B (Google, 2024), showcase advancements, 

they may not yet reach the performance levels of models presented in our 

study. This limitation raises questions about the practicality of relying 

solely on on-device LLMs, particularly in scenarios where high accuracy 

and low latency are critical.

A promising avenue is adopting hybrid approaches that split tasks be­

tween on-device and cloud-based computation (Ding et al., 2024). Using 

this approach, initial data processing could be performed locally on the 

user’s device to ensure that sensitive data remains private. This initial 

processing could handle tasks that require immediate, real-time analysis 

or involve data that should not be transmitted off-device due to privacy 

concerns. For more complex or resource-intensive analyses, the system 

could then selectively offload specific tasks to the cloud, using data that 

has been preprocessed and filtered for personal information. This would 

allow the utilisation of the greater computational power and advanced 

capabilities of cloud-based models without compromising the privacy of 

the most sensitive data (Li et al., 2024a). This flexibility could enable 

the system to optimise both privacy and performance, providing a frame­

work for further developments in LLM scalability and privacy-preserving 

technologies.

6.4.3 . Evaluating LLM explanations

Evaluating the reliability and trustworthiness of explanations 

generated by LLMs poses a significant challenge in the current land­

scape of explainable AI (Zhou et al., 2024). While a correct prediction 

might suggest that the explanation is also accurate, this correlation can 

potentially be misleading (Nauta et al., 2023). A model could arrive at a 

correct prediction based on cues not specifically related to the rationale 

it provides, thereby undermining the credibility of the explanation it­

self (Lyu et al., 2022). Moreover, explanations can sometimes be overly 

generic or influenced by training data biases, causing them to appear 

plausible without necessarily revealing the true decision path taken by 

the model.

One approach to mitigating these issues is to involve users in manual 

reviews of model outputs and reasonings, such as asking them to state 

whether the model’s explanations of their actions match their actual 

behaviours (Hassija et al., 2023). Although human-in-the-loop evalua­

tions can be valuable for spotting inconsistencies or logical fallacies, 

they are inherently resource-intensive and difficult to scale. In addition, 

recall bias may lead to inaccurate recollection of a user’s actions, which 

could affect the validity of these evaluations (Althubaiti, 2016). This 

variability highlights the need for more robust, standardised metrics and 

benchmarking protocols that can assess the consistency and truthfulness 

of explanations, while emphasising the importance of caution in their 

use.

6.4.4 . Limits of LLM-generated rationales

A consideration throughout this work is that LLM-generated ratio­

nales are model outputs, not verified evidence of user intention. It is 

useful to distinguish between three things that such a rationale could 

in principle do: explain the model’s prediction by surfacing the cues 

it attended to, generate a plausible post-hoc interpretation of the be­

haviour visible in the screen text, or recover the user’s actual intention. 

Our experiments give us reasonable confidence in the first two, but not 

necessarily in the third. For example, the Domino’s to Google Chrome ra­

tionale in Table 3 is a plausible reading of why a user might switch apps 

after a voucher error, but we did not ask the participant whether frustra­

tion was in fact the trigger. The incorrect-prediction example in Table 4 

makes the point in reverse, where the model’s rationale for predicting 

Slack is internally consistent (workplace article to workplace messaging 

app), but the user actually switched to WhatsApp. The coherence of a 

rationale is therefore not necessarily evidence of its correctness, and a 

fluent explanation may accompany an incorrect prediction.

Therefore, LLM-generated rationales should be used as hypothe­

sis generation, rather than as strict, ground-truth accounts of user 

behaviour. Validating them would require user studies in which par­

ticipants are asked to confirm or correct the model’s interpretation of 

their own actions. Although human-in-the-loop evaluations can spot 

inconsistencies, they are resource-intensive and subject to recall bias, 

highlighting the need for standardised faithfulness benchmarks before 

LLM-generated interpretations can support consequential decisions in 

domains like health, education, or well-being.

6.5 . Broader implications

Across the three experiments presented in this study, we demonstrate 

the value of screen text for modelling smartphone-based behaviour. 

These findings collectively suggest several broader insights. First, screen 

text provides a nuanced, semantically rich representation of user context 

that supports prediction of both digital actions and real-world activities. 

Second, beyond predictive performance, LLM-generated explanations 

offer a window into the underlying behavioural patterns reflected in 

screen interactions, helping to make such models more interpretable and 

allowing for an enhanced understanding of how people use their smart­

phones. Third, the comparison between generalised and individualised 

models reveals a trade-off between scalability and personalisation: while 

generalised models may suffice in realistic deployment scenarios, indi­

vidualised models are especially effective when user behaviour is unique 

or training data is constrained. Lastly, the ability to detect fine-grained 

in-app activities through screen text further expands the potential for 

personalised, context-aware systems, with applications ranging from 

well-being interventions to more responsive app design.
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Together, these findings highlight the potential of screen text not 

just as a predictive feature, but as a window into users’ behaviours, 

routines, and intentions. By combining predictive modelling with nat­

ural language explanations, we take a step towards more interpretable, 

context-aware systems that move beyond surface-level app usage to of­

fer deeper insights into how people engage with their smartphones. In 

doing so, this work contributes to the broader goal of shifting from pre­

diction to explanation in digital behaviour modelling and understanding 

smartphone use.

7 . Limitations and future work

The screen text sensor used for collecting the data in our study is 

still relatively new, and its full capabilities have not yet been fully ex­

plored. As our research is exploratory in nature and we are in the early 

stages of designing and testing methods for analysing this type of data, 

there is room for improvement in our methodology. Future work could 

involve experimenting with different models, refining data preprocess­

ing techniques, and exploring alternative approaches to data collection, 

potentially leading to more insightful findings across different domains. 

Our two-week collection window also limits what we can conclude about 

how user-specific language patterns evolve over time. Individual vocab­

ularies, app repertoires, and behavioural routines can shift over months 

in ways that a short field study cannot capture, and longitudinal screen 

text data would allow future work to examine how fine-tuned models 

drift and whether continual learning approaches can keep individualised 

models aligned with a user’s evolving behaviour.

Our current approach largely treats screen text as a uniform input 

stream and does not yet differentiate between distinct types of content, 

such as user-inserted text versus received or consumed content. Future 

work could involve extracting such structured features from screen text 

to distinguish between content types and interaction modes. This could 

be further enhanced by fusing screen text with other sensors, such as key­

board entry or physical activity, to better contextualise user behaviour. 

For example, combining long-duration passive reading behaviour with 

location or time-of-day data could improve understanding of routines 

or attention states. We view this study as a first step towards such inte­

grative modelling, focusing on assessing the potential of raw screen text 

semantics and providing a foundation for incorporating more complex 

feature engineering.

Another limitation of our work is that we do not conduct a system­

atic analysis of the computational or energy overhead from continuously 

capturing screen text and processing it with an LLM. While our focus was 

on the feasibility of screen text-based LLM-driven behaviour analysis 

rather than resource consumption, future research could examine de­

vice battery usage and processing demands. Existing measurements from 

smartphone sensors, such as accelerometers and gyroscopes, have been 

extensively documented (Anagnostopoulos et al., 2017). Our prelimi­

nary analysis reveals that the data volume of screen text is approximately 

25% of what is typically recorded by accelerometers or gyroscopes over 

the same time period. Nevertheless, additional empirical evaluations are 

needed to help researchers and developers balance overhead with the 

benefits of improved behavioural explainability.

Our implementation uses server-side processing for screen text anal­

ysis, which introduces ethical concerns due to the transmission of 

potentially sensitive data. While this approach is necessary for support­

ing experimentation and fine-tuning in a research setting, it is not ideal 

for real-world deployment. Future work should aim at adopting on-

device processing techniques that enable all analysis to be performed 

locally. Recent advances in lightweight LLMs and privacy-preserving ar­

chitectures make this shift increasingly feasible, and would allow users 

to retain control over their data while reducing risks associated with 

remote storage and transmission.

Although all three of our experiments could be extended in both data 

collection and analysis, the ESM response prediction experiment, in par­

ticular, offers strong potential for future work. In the dataset we used, the 

ESM responses are limited to what participants were doing in the last five 

minutes. However, future studies could involve designing more compre­

hensive ESM questionnaires that target various aspects of participants’ 

daily lives. For example, questions could be used to assess participants’ 

current mental state, productivity levels, or emotional well-being (Chan 

et al., 2018). Incorporating these additional dimensions would provide 

a richer understanding of self-reported user behaviour and allow us 

to explore how screen text can be used to predict a broader range of 

psychological and behavioural states. This could significantly enhance 

the applicability of our methods in domains such as mental health, 

productivity enhancement, and personalised digital interventions.

A critical challenge in explainable AI is establishing reliable 

and trustworthy LLM-based explanations, particularly when seem­

ingly convincing rationales may not reflect a model’s actual decision 

path. Developing robust evaluation frameworks, such as gold-standard 

datasets containing large samples of user actions on their devices, 

could help measure explanation fidelity within smartphone and user be­

haviour studies. Future research could also incorporate user studies to 

explore how system-generated explanations of user activities influence 

their trust and comprehension (Falconnet et al., 2023). By integrating 

interpretability-focused methods and real-world feedback, we can move 

closer to developing models for understanding human behaviour that 

are both accurate and transparent in their decision-making.

8 . Conclusion

This paper presents novel methods for analysing screen text data 

captured from smartphones to enhance the understanding of user be­

haviour. Through our experiments, we illustrate how leveraging screen 

text to fine-tune LLMs can offer nuanced insights into in-app behaviour. 

Our findings also show that the integration of screen text and LLM 

fine-tuning goes beyond conventional behavioural analysis methods by 

highlighting the reasons behind user actions, which is important across 

several domains such as health and well-being and education. However, 

effectively balancing rich data collection with privacy and scalability 

remains a challenge. Techniques such as data minimisation and sum­

marisation show promise for safeguarding sensitive information without 

sacrificing the depth of behavioural insights. Future work should ex­

plore hybrid approaches that incorporate both user-specific and general 

datasets, refine explanations for model predictions, and extend screen 

text analysis to broader populations and contexts. As smartphone use 

continues to grow, the ability to effectively analyse screen text will play 

an increasingly important role in deepening our understanding of user 

behaviour.
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Appendix A . Screen text de-duplication algorithm

Our de-duplication algorithm processes a sequence of screen text en­

tries to identify and group continuous segments of text viewed by a user. 
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The algorithm starts with an empty string and compares each new screen 

text entry to the current string. Specifically, it checks if the end of the 

current string overlaps with the beginning of the next screen text entry. 

If an overlap is found, the algorithm appends only the new, previously 

unseen text to the current string. A new text string is started either when 

no overlap is detected or if the app in use changes. Each text string, along 

with its viewing duration and the combined de-duplicated text, is then 

recorded. An example of how the de-duplication algorithm is applied to 

a user’s viewed text as they scroll is shown in Table A.1.

Table A.1 

Screen Text De-Duplication Example.

Entry 

No.

Original Screen Text Matches 

End?

De-Duplicated Screen Text

1 Welcome to our website. ✘ Welcome to our 

website. Please sign in.2 to our website. Please sign in. ✓

3 Please sign in or register. ✘ Please sign in or register.

4 Latest news updates. ✘ Latest news updates. 

Click here for more.5 news updates. Click here for 

more.

✓

6 updates. Click here for more. ✓

7 Breaking: Major event. ✘ Breaking: Major event. 

Details to follow.8 event. Details to follow. ✓

9 Details to follow in the next 

article.

✘ Details to follow in the 

next article.

10 Exclusive interview inside. ✘ Exclusive interview 

inside. Read now.11 interview inside. Read now. ✓

Appendix B . ESM activity categories

See Table B.1

Table B.1 

ESM activity categories and example activities.

Category Examples

Eating/Drinking Having Lunch, Drinking Tea, Eating Out

Entertainment Watching TV, Gaming, Reading

Exercising Walking, Gym, Rock Climbing

Housework Cooking, Cleaning, Laundry

Online Searching Searching Real Estate, Viewing Online Maps

Resting Relaxing, In Bed, Napping

Shopping Getting Groceries, Online Shopping

Socialising Calling, Visiting Friends, Attending Convention

Travelling Catching the Train, Driving, Biking

Working Work Meeting, Studying For Test, Conducting Experiments

Appendix C . Model prompts

Experiment 1: next-app prediction

Screen Text Only

Instruction: Here is some text that a user has viewed on their 

smartphone. What app are they most likely to go to next? Answer 

with only the name of the app.

Text: [one screen of text viewed by the user]

Next App: [the user’s next used app]

Screen Text + Current App

Instruction: Here is some text that a user has viewed on their 

smartphone and the current app they are using. What app are they 

most likely to go to next? Answer with only the name of the app.

Text: [one screen of text viewed by the user]

Current App: [the app where this text was generated]

Next App: [the user’s next used app]

Current App Only

Instruction: Here is the current app that a user is using on their 

smartphone. What app are they most likely to go to next? Answer 

with only the name of the app.

Current App: [the user’s current app]

Next App: [the user’s next used app]

Next-App Prediction Explanation

Instruction: Here is some text that a user has viewed on their 

smartphone and the current app they are using. This is the next 

app you predicted they would go to.

Text: [one screen of text viewed by the user]

Current App: [the app where this text was generated]

Next App: [the model’s prediction of the user’s next used app]

Please explain why you made this prediction in one paragraph.

Experiment 2: ESM activity prediction

ESM Activity Prediction

Instruction: Here is some text that a user has viewed on their 

smartphone. What category does their current activity most likely 

belong to? Answer with only the name of the activity category.

Text: [one screen of text viewed by the user]

Activity Category: [the user’s activity category]

ESM Activity Prediction Explanation

Instruction: Here is some text that a user has viewed on their 

smartphone. This is the category of the current activity you 

predicted for the user.

Text: [one screen of text viewed by the user]

Activity Category: [the model’s prediction of the user’s cur­

rent activity category]

Please explain why you made this prediction in one paragraph.

Experiment 3: in-app activity exploration

Screen Text Summarisation

Instruction: Here is some text that a user has viewed on their 

smartphone and the app they are on. Summarise what the user is 

doing and how they are interacting with their phone based on the 

text and the app the text is from. Respond with only this summary 

and nothing else.

Text: [one screen of text viewed by the user]

App: [the app where this text was generated]

Summary: [summary of the text]
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Activity Extraction

Instruction: Analyse the following summary of a user’s smartphone activity, including the text they’ve viewed and the app they were using. 

Extract up to three distinct, significant activities…

Text: [summary of text viewed by the user]

App: [the app where this text was generated]

Activities: [extracted activities from the text summary]

Activity Grouping

Instruction: Here is a list of words related to activities on a smartphone app. Group each word under a topic related to user interaction and 

format the result as a dictionary…

Words: [activities extracted from app use]

App: [the app where these activities occurred]

Topics: [dictionary containing the topics and grouped words]

Appendix D . Next-app prediction accuracies

See Table D.1

Table D.1 

Next-App prediction Accuracies by Mode and Split.

Participant Mode Split: 1/13 Split: 2/12 Split: 3/11 Split: 7/7 Split: 11/3 Split: 13/1

P1 Prompt: Text Only – Train: Text Only 0.4753 0.5268 0.5726 0.5913 0.6153 0.6270

Prompt: Text + App – Train: Text Only 0.4122 0.5175 0.5182 0.5168 0.5202 0.4945

Prompt: Text + App – Train: Text + App 0.5539 0.5723 0.5997 0.6174 0.6353 0.6290

P2 Prompt: Text Only – Train: Text Only 0.1826 0.9046 0.9075 0.9044 0.9211 0.9470

Prompt: Text + App – Train: Text Only 0.1614 0.8906 0.8974 0.8933 0.9027 0.9316

Prompt: Text + App – Train: Text + App 0.1533 0.8894 0.9141 0.9070 0.9238 0.9501

P3 Prompt: Text Only – Train: Text Only 0.4455 0.4479 0.4541 0.4449 0.5198 0.5484

Prompt: Text + App – Train: Text Only 0.4607 0.4978 0.5316 0.5406 0.5635 0.5646

Prompt: Text + App – Train: Text + App 0.5670 0.4591 0.5389 0.5852 0.6013 0.5224

P4 Prompt: Text Only – Train: Text Only 0.4716 0.5287 0.5401 0.5702 0.5838 0.6039

Prompt: Text + App – Train: Text Only 0.5922 0.5939 0.6228 0.6216 0.6913 0.6716

Prompt: Text + App – Train: Text + App 0.6372 0.6237 0.6110 0.6199 0.6262 0.6987

P5 Prompt: Text Only – Train: Text Only 0.5147 0.5010 0.4921 0.5541 0.5559 0.5636

Prompt: Text + App – Train: Text Only 0.5106 0.4950 0.5142 0.5526 0.5624 0.5761

Prompt: Text + App – Train: Text + App 0.4210 0.4093 0.4786 0.4665 0.5161 0.5395

P6 Prompt: Text Only – Train: Text Only 0.4485 0.5031 0.4615 0.4911 0.4184 0.4760

Prompt: Text + App – Train: Text Only 0.5261 0.5458 0.5573 0.5912 0.5551 0.5360

Prompt: Text + App – Train: Text + App 0.5179 0.4005 0.5760 0.5549 0.5380 0.5661

P7 Prompt: Text Only – Train: Text Only 0.5092 0.5025 0.4350 0.5000 0.5145 0.5072

Prompt: Text + App – Train: Text Only 0.2008 0.2628 0.3159 0.3835 0.5227 0.5476

Prompt: Text + App – Train: Text + App 0.3335 0.4325 0.4620 0.5238 0.5342 0.4947

P8 Prompt: Text Only – Train: Text Only 0.5118 0.5293 0.5324 0.5531 0.5599 0.5550

Prompt: Text + App – Train: Text Only 0.4459 0.4856 0.5145 0.5112 0.5488 0.5701

Prompt: Text + App – Train: Text + App 0.5653 0.5515 0.5681 0.5938 0.5772 0.5850

P9 Prompt: Text Only – Train: Text Only 0.5731 0.6100 0.6215 0.6257 0.6080 0.6036

Prompt: Text + App – Train: Text Only 0.3053 0.5189 0.6682 0.6838 0.6428 0.6632

Prompt: Text + App – Train: Text + App 0.7387 0.7358 0.7447 0.7536 0.7497 0.7620

P10 Prompt: Text Only – Train: Text Only 0.4790 0.5067 0.5333 0.5222 0.5676 0.5607

Prompt: Text + App – Train: Text Only 0.5844 0.5941 0.5848 0.6002 0.5958 0.5950

Prompt: Text + App – Train: Text + App 0.6356 0.6297 0.6587 0.6667 0.6507 0.6377

P11 Prompt: Text Only – Train: Text Only 0.6121 0.6267 0.6443 0.6464 0.6377 0.5939

Prompt: Text + App – Train: Text Only 0.5447 0.5622 0.6014 0.6620 0.6697 0.6634

Prompt: Text + App – Train: Text + App 0.4539 0.4549 0.4506 0.4557 0.5657 0.5890

P12 Prompt: Text Only – Train: Text Only 0.6140 0.5886 0.6030 0.5577 0.5991 0.6025

Prompt: Text + App – Train: Text Only 0.5138 0.4975 0.4746 0.4177 0.5217 0.5072

Prompt: Text + App – Train: Text + App 0.3817 0.3869 0.3874 0.5030 0.5795 0.6143

(continued on next page) 
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Table D.1 (continued)

Participant Mode Split: 1/13 Split: 2/12 Split: 3/11 Split: 7/7 Split: 11/3 Split: 13/1

P13 Prompt: Text Only – Train: Text Only 0.4912 0.5122 0.5508 0.5604 0.5814 0.6316

Prompt: Text + App – Train: Text Only 0.4160 0.4783 0.5360 0.5379 0.5043 0.5679

Prompt: Text + App – Train: Text + App 0.5644 0.5831 0.5957 0.6189 0.5991 0.6430

P14 Prompt: Text Only – Train: Text Only 0.4932 0.5749 0.5253 0.5448 0.5515 0.5188

Prompt: Text + App – Train: Text Only 0.4892 0.5285 0.5086 0.4987 0.5410 0.4957

Prompt: Text + App – Train: Text + App 0.4445 0.4641 0.4706 0.4355 0.4606 0.5159

P15 Prompt: Text Only – Train: Text Only 0.6246 0.6267 0.6335 0.6342 0.6624 0.6368

Prompt: Text + App – Train: Text Only 0.6588 0.6748 0.6613 0.6793 0.6705 0.6608

Prompt: Text + App – Train: Text + App 0.5642 0.5665 0.5028 0.5633 0.4928 0.5145

P16 Prompt: Text Only – Train: Text Only 0.5673 0.6060 0.6443 0.6766 0.6844 0.6459

Prompt: Text + App – Train: Text Only 0.4568 0.4635 0.4566 0.4658 0.5799 0.5802

Prompt: Text + App – Train: Text + App 0.5230 0.5546 0.5525 0.5692 0.6077 0.5827

P17 Prompt: Text Only – Train: Text Only 0.4256 0.4801 0.5337 0.5386 0.5493 0.5151

Prompt: Text + App – Train: Text Only 0.2165 0.4491 0.6815 0.6711 0.5461 0.5256

Prompt: Text + App – Train: Text + App 0.7244 0.7539 0.7728 0.7893 0.7729 0.7998

P18 Prompt: Text Only – Train: Text Only 0.3342 0.3358 0.3427 0.4480 0.5472 0.5814

Prompt: Text + App – Train: Text Only 0.5065 0.5499 0.5591 0.5885 0.6178 0.6001

Prompt: Text + App – Train: Text + App 0.5089 0.4980 0.4959 0.6046 0.5957 0.6071

P19 Prompt: Text Only – Train: Text Only 0.5716 0.5889 0.6029 0.6246 0.6533 0.6930

Prompt: Text + App – Train: Text Only 0.4329 0.4704 0.4876 0.4574 0.5836 0.6876

Prompt: Text + App – Train: Text + App 0.5527 0.5807 0.5715 0.5924 0.6027 0.5721

P20 Prompt: Text Only – Train: Text Only 0.5350 0.5738 0.5966 0.6067 0.6211 0.6095

Prompt: Text + App – Train: Text Only 0.5183 0.4959 0.4961 0.6152 0.6067 0.6361

Prompt: Text + App – Train: Text + App 0.6100 0.6267 0.6258 0.6457 0.6741 0.7047

P21 Prompt: Text Only – Train: Text Only 0.5399 0.5471 0.5550 0.5300 0.6167 0.6973

Prompt: Text + App – Train: Text Only 0.5846 0.6058 0.6148 0.6232 0.6412 0.6356

Prompt: Text + App – Train: Text + App 0.5690 0.5780 0.5836 0.5748 0.5743 0.5830

Appendix E . Next-app prediction macro F1 scores

See Table E.1

Table E.1 

Next-App prediction macro F1 scores by Mode and Split.

Participant Mode Split: 1/13 Split: 2/12 Split: 3/11 Split: 7/7 Split: 11/3 Split: 13/1

P1 Prompt: Text Only – Train: Text Only 0.0296 0.0845 0.1671 0.1281 0.3148 0.4021

Prompt: Text + App – Train: Text Only 0.0337 0.1422 0.2249 0.2836 0.2839 0.3664

Prompt: Text + App – Train: Text + App 0.2138 0.2988 0.3380 0.3484 0.4498 0.4326

P2 Prompt: Text Only – Train: Text Only 0.1035 0.1182 0.1310 0.2939 0.3826 0.4568

Prompt: Text + App – Train: Text Only 0.0705 0.1603 0.3348 0.3215 0.3524 0.4503

Prompt: Text + App – Train: Text + App 0.2958 0.3274 0.3692 0.3892 0.5035 0.5865

P3 Prompt: Text Only – Train: Text Only 0.1199 0.1405 0.1585 0.2018 0.2596 0.2443

Prompt: Text + App – Train: Text Only 0.1477 0.1820 0.2487 0.1816 0.2452 0.3156

Prompt: Text + App – Train: Text + App 0.3134 0.3418 0.3329 0.3804 0.3578 0.4038

P4 Prompt: Text Only – Train: Text Only 0.1128 0.1949 0.1903 0.1972 0.3366 0.3786

Prompt: Text + App – Train: Text Only 0.1425 0.2402 0.2912 0.3060 0.3625 0.4212

Prompt: Text + App – Train: Text + App 0.3186 0.3181 0.3071 0.3748 0.4183 0.4630

P5 Prompt: Text Only – Train: Text Only 0.0808 0.1243 0.1435 0.1801 0.2443 0.3305

Prompt: Text + App – Train: Text Only 0.1436 0.1739 0.2356 0.1747 0.1441 0.2594

Prompt: Text + App – Train: Text + App 0.3159 0.3900 0.3465 0.3702 0.4440 0.4171

P6 Prompt: Text Only – Train: Text Only 0.1096 0.1072 0.1626 0.2338 0.3376 0.3614

Prompt: Text + App – Train: Text Only 0.1746 0.2197 0.2203 0.2676 0.1739 0.2965

Prompt: Text + App – Train: Text + App 0.3519 0.3876 0.3813 0.3930 0.4320 0.4470

P7 Prompt: Text Only – Train: Text Only 0.1443 0.1850 0.1683 0.2137 0.2858 0.3000

Prompt: Text + App – Train: Text Only 0.1714 0.2736 0.2450 0.2508 0.2600 0.2695

Prompt: Text + App – Train: Text + App 0.3016 0.3100 0.2816 0.3423 0.4157 0.4195

P8 Prompt: Text Only – Train: Text Only 0.1898 0.1879 0.2066 0.3229 0.3004 0.3150

Prompt: Text + App – Train: Text Only 0.1701 0.1958 0.3084 0.4064 0.3487 0.3113

Prompt: Text + App – Train: Text + App 0.3671 0.3678 0.3743 0.4504 0.4603 0.4882

P9 Prompt: Text Only – Train: Text Only 0.0791 0.1357 0.1609 0.2491 0.2404 0.3606

Prompt: Text + App – Train: Text Only 0.0321 0.0813 0.2834 0.3199 0.2555 0.3679

Prompt: Text + App – Train: Text + App 0.4330 0.3995 0.4300 0.4661 0.4090 0.4612

(continued on next page) 
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Table E.1 (continued)

Participant Mode Split: 1/13 Split: 2/12 Split: 3/11 Split: 7/7 Split: 11/3 Split: 13/1

P10 Prompt: Text Only – Train: Text Only 0.1505 0.1131 0.2664 0.2689 0.3499 0.3283

Prompt: Text + App – Train: Text Only 0.2184 0.1777 0.3686 0.2568 0.4199 0.2986

Prompt: Text + App – Train: Text + App 0.3027 0.2829 0.3549 0.4167 0.4663 0.4868

P11 Prompt: Text Only – Train: Text Only 0.1838 0.1851 0.2620 0.3188 0.3885 0.5329

Prompt: Text + App – Train: Text Only 0.2435 0.2724 0.2883 0.3358 0.2075 0.4345

Prompt: Text + App – Train: Text + App 0.3623 0.3696 0.3695 0.4139 0.5013 0.5831

P12 Prompt: Text Only – Train: Text Only 0.1244 0.1970 0.2367 0.3217 0.3338 0.4121

Prompt: Text + App – Train: Text Only 0.1881 0.1507 0.2533 0.3238 0.3193 0.3080

Prompt: Text + App – Train: Text + App 0.3778 0.3847 0.4078 0.4575 0.4878 0.4967

P13 Prompt: Text Only – Train: Text Only 0.0594 0.0876 0.1317 0.2224 0.2811 0.3408

Prompt: Text + App – Train: Text Only 0.0405 0.0902 0.2817 0.3045 0.2330 0.3304

Prompt: Text + App – Train: Text + App 0.1937 0.3081 0.3597 0.4008 0.4076 0.3994

P14 Prompt: Text Only – Train: Text Only 0.0585 0.1286 0.2418 0.2327 0.3316 0.3416

Prompt: Text + App – Train: Text Only 0.1016 0.1350 0.2490 0.2115 0.0536 0.3129

Prompt: Text + App – Train: Text + App 0.1413 0.3295 0.3147 0.3555 0.4664 0.4397

P15 Prompt: Text Only – Train: Text Only 0.1562 0.1724 0.1392 0.2086 0.2661 0.2106

Prompt: Text + App – Train: Text Only 0.1670 0.1949 0.1788 0.1429 0.2974 0.2117

Prompt: Text + App – Train: Text + App 0.2488 0.2597 0.2171 0.3025 0.2391 0.2413

P16 Prompt: Text Only – Train: Text Only 0.1638 0.1308 0.1494 0.1390 0.2105 0.2995

Prompt: Text + App – Train: Text Only 0.1145 0.1124 0.1658 0.1526 0.1878 0.1897

Prompt: Text + App – Train: Text + App 0.2827 0.3590 0.3719 0.3859 0.3845 0.3292

P17 Prompt: Text Only – Train: Text Only 0.1385 0.2199 0.2963 0.3500 0.4024 0.4319

Prompt: Text + App – Train: Text Only 0.0766 0.1478 0.3842 0.4821 0.4133 0.5008

Prompt: Text + App – Train: Text + App 0.3575 0.4116 0.4638 0.5345 0.5320 0.6305

P18 Prompt: Text Only – Train: Text Only 0.0528 0.0733 0.1168 0.1256 0.2757 0.3266

Prompt: Text + App – Train: Text Only 0.0224 0.0450 0.0912 0.0841 0.2952 0.3583

Prompt: Text + App – Train: Text + App 0.1928 0.2389 0.2321 0.3005 0.3860 0.4036

P19 Prompt: Text Only – Train: Text Only 0.0600 0.0896 0.1071 0.2802 0.3169 0.3390

Prompt: Text + App – Train: Text Only 0.0454 0.1330 0.2065 0.3433 0.3245 0.3258

Prompt: Text + App – Train: Text + App 0.2802 0.3212 0.3330 0.4252 0.4595 0.4044

P20 Prompt: Text Only – Train: Text Only 0.1260 0.1550 0.1541 0.1666 0.3065 0.4191

Prompt: Text + App – Train: Text Only 0.1542 0.1746 0.1608 0.1700 0.2249 0.3870

Prompt: Text + App – Train: Text + App 0.3628 0.3750 0.3466 0.3812 0.4021 0.4385

P21 Prompt: Text Only – Train: Text Only 0.1186 0.2228 0.2625 0.2760 0.4068 0.4581

Prompt: Text + App – Train: Text Only 0.1745 0.2927 0.2711 0.3033 0.3725 0.4071

Prompt: Text + App – Train: Text + App 0.2813 0.2980 0.3198 0.3719 0.4828 0.4736
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Appendix F . Percentage of time spent on each activity in each app

See Fig. F.1.

Fig. F.1. Percentage of time spent on each activity.
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Appendix G . Number of participants who used each activity in each app

See Fig. G.1.

Fig. G.1. Number of participants who used each activity.

Data availability

The data that has been used is confidential.
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