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With advancements in mobile sensing technologies, there is a growing need for scalable and interpretable stress monitoring
solutions that remain robust over time. Existing smartphone passive sensing approaches rely on statistical app usage features
or multi-modal sensor data, making them susceptible to distribution shift and feature evolution (e.g., schema drift), and adding
model complexity. To address these challenges, we propose the Smartphone Human Interaction-based Routine Behavior Task
Mining, Modeling, and Feature Extraction (SHIRBT-MMF) framework, which models stress-related behaviors by mining fine-
grained interaction routine tasks rather than aggregated app usage patterns. SHIRBT-MMF leverages multi-level sequential
pattern mining and large language model-based automated task modeling to extract interpretable and stable features from
within-app UI state transitions. Unlike traditional methods that require hundreds of apps, SHIRBT focuses on a small, consistent
set of routine-based tasks, mitigating covariate shift and feature evolution while improving model robustness. We validated
SHIRBT-MMF through one- and four-month in-the-wild datasets with 26 participants, demonstrating that the SHIRBT-based
personalized model achieves an average accuracy of 75%, outperforming baseline models by 5% while using only 3–6% of app
types. Additionally, SHIRBT features remain stable over time, reducing covariate shift and ensuring reliable performance.
With its expandability to other mental health, interpretability, and privacy-conscious design, the SHIRBT-MMF framework
lays the foundation for personalized digital mental health monitoring.
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1 INTRODUCTION
Global daily stress has been steadily rising, especially among young adults in their 20s and 30s facing academic,
employment, financial, and future uncertainties [7, 9, 63]. To reduce healthcare and welfare costs and enhance
productivity and academic achievement, early stress intervention and diagnostic technologies are crucial [15].
Young adults’ stress is closely tied to daily routines and smartphone app use. Notifications from social media, mes-
saging, and email disrupt concentration and heighten stress [41]. Negative self-reflection and the “fear of missing
out (FOMO)” amplify stress and encourage addictive app use [41, 78]. Conversely, apps like games, webcomics,
video calls, and music can temporarily relieve stress and support work or study [57]. Thus, smartphone use and
stress interact in both positive and negative ways. Monitoring app behavior enables digital phenotyping [95] for
early stress detection and intervention.

Mobile interaction–based mental health studies use passive sensing over weeks or months to monitor stress in
real life, training ML models on smartphone features representing daily and social activities [70, 94]. However,
extracting numerous features from hundreds of apps increases model complexity, reducing interpretability and
performance [16, 18, 45]. Moreover, whenever the smartphone environment changes, such as through different app
usage or operating system (OS) updates, data collection, preprocessing, feature extraction, and model retraining
must be repeated, increasing time and cost. To reduce feature dimensionality, prior studies avoided fine-grained
features based on specific app usage or within-app behaviors (Depth Level 4–5 in Figure 1). Instead, they extracted
aggregated statistical features from time-windowed data, including total smartphone usage and category-level
metrics (e.g., social, finance, and system apps) related to duration, frequency, and typing behavior (Depth Level
1–3 in Figure 1) [44, 68, 104]. However, such broad or category-based features capture only surface-level behaviors,
and the multifunctionality of modern third-party apps makes single-category classification difficult.

Moreover, when relying on statistical features computed over fixed time windows, newly collected data after
model deployment can cause distribution shifts (e.g., covariate shift and concept drift) [30, 65]. In addition, changes
in app usage patterns, such as those resulting from app updates, UI/UX revisions, or event schema modifications,
can trigger feature evolution (i.e., schema drift), which alters feature types or column structures [39, 69, 86, 105].
These shifts may reorder feature importance, and reusing outdated core features can degrade model performance
on new datasets, thereby reducing robustness and reliability [3, 27, 65]. Although prior studies have addressed
these problems by detecting drift and applying adaptive learning techniques such as online retraining, incremental
learning, and domain adaptation [30, 65, 67], such approaches incur heavy computational and resource costs,
making them impractical for smartphones with strict latency and memory constraints [67]. In contrast, this study
introduces a robust feature design that, without adaptive learning, is inherently resilient to both covariate shift
and schema drift.

In this study, we focus on daily and social activities tasks that individuals routinely perform, such as messaging,
financial payments, emailing, and web browsing. These tasks remain stable despite variations in OS, app types, or
contextual factors (e.g., environment and time), allowing covariate shift and schema drift to be mitigated without
adaptive learning. Accordingly, we propose the Smartphone Human Interaction-based Routine Behavior Task
Mining, Modeling, and Feature extraction (SHIRBT-MMF) framework (Figure 2).

We utilize within-app user interface (UI) state events derived from app usage logs at Depth Level 5 in Figure 1,
which include package names (e.g., com.example.myapp) and class names corresponding to user interactions
(e.g., activity, dialog, frame layout, view layout). During smartphone interactions, users transition between UI
states through actions such as clicking, typing, and scrolling to accomplish specific tasks (e.g., chatting, browsing,
and video watching). We filter out events irrelevant to daily and social activities and focus on smartphone
human interaction–based routine behavior tasks (SHIRBT) that are more closely related to daily stress. For
this, we developed amulti-level sequential pattern mining (ML-SPM) algorithm that extracts sequential
patterns of daily within-app UI state events. Since these patterns often contain unfamiliar package or class names,
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Fig. 1. Depth level (DLV) of smartphone interaction usage behavior and feature examples

switching to a different app providing the same service (e.g., using Bing instead of Chrome for web browsing)
requires re-extraction. To address this issue, we develop an LLM-based SHIRBT modeling automation system that
unifies within-app behaviors into single, task-level representations (e.g., a web-browsing), independent of app or
UI structure. The system was tested 200 times across various apps performing equivalent tasks with different
event schemas, achieving 95–100% annotation accuracy consistent with SHIRBT ground-truth labels. Using the
extracted SHIRBT and extending prior work on smartphone activities of daily living (S-ADL) [51], we computed
time-, frequency-, and typing-based metrics (Figure 2) and built stress detection models using SHIRBT features
from the SHIRBT-MMF framework.

To validate our model, we collected in-the-wild data from 26 students and workers in their 20s and 30s. Since
the impact of SHIRBT features on stress may vary with the consistency of daily task performance, smartphone
usage data were automatically logged via a custom app usage logger, and daily binary stress labels (positive or
negative) were obtained using the experience sampling method (ESM) [97], validated in prior work [44]. Data
were collected over two periods: a short-term phase (about one month, 16 participants) and a long-term phase
(about four months, 10 participants). The average number of SHIRBTs was 7.6 and 6.1, with mean accuracies of
75.9%±8.7 and 73.8%±5.0, respectively, showing minimal performance differences between the two durations.
To evaluate performance, we compared SHIRBT features with baseline features corresponding to Depth Levels
1–3 in Figure 1, as used in prior stress studies. The SHIRBT-based classifier achieved 5% higher accuracy while
using only 3–6% as many apps as the baseline (Figure 2). Although SHIRBT tasks differ among individuals,
essential social tasks such as messaging and financial transactions are largely consistent across age, gender, and
occupation. Accordingly, the SHIRBT global model outperformed the baseline model, though its accuracy was
slightly lower than that of the personalized model. Moreover, under covariate shift and schema drift conditions,
SHIRBT features exhibited lower shift scores and higher structural consistency, confirming their robustness and
long-term stability without additional retraining.
The contributions of the paper are as follows:

• We propose SHIRBT-MMF, a novel framework for stress monitoring that leverages smartphone interaction
patterns instead of conventional app usage metrics. The framework improves scalability, interpretability,
and robustness in digital stress monitoring.
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Fig. 2. Smartphone human interaction-based routine behavior task mining, modeling, feature extraction (SHIRBT-MMF)
framework & stress model pipeline

• We develop a multi-level sequential pattern mining (ML-SPM) algorithm that captures fine-grained
within-app UI event sequences for daily task-level behavior mining. Unlike existing coarse-grained ap-
proaches that use statistical methods, this method identifies stable, routine-based behaviors that mitigate
covariate shift and schema drift over time.
• We present an LLM-based automated task classification and labeling approach that standardizes
and categorizes smartphone UI interaction sequences into explainable SHIRBT tasks. This enables the
derivation of interpretable, high-quality stress-related features, enhancing both model transparency and
explainability.
• We validate SHIRBT-MMF on in-the-wild datasets collected from 26 participants over one- and four-month
periods. The SHIRBT-based personalized model outperformed the baseline models while using only 3–6%
as many apps as the baseline.
• We confirmed that SHIRBT features showed greater robustness to covariate shift and schema drift than
baseline features, maintaining stable performance and structural consistency over time. This robustness
indicates that SHIRBT can serve as a cost-effective framework for long-term digital mental healthmonitoring
without frequent model retraining.

2 BACKGROUND AND RELATED WORK

2.1 Smartphone Interaction Sensing-based Stress Models
We reviewed the past decade that developed stress models using features based on smartphone interaction in
Table 1. Most studies incorporated smartphone or wearable-based interactions (e.g., app usage, device state)
along with contextual data (e.g., location, physical activity). As noted in Section 1, while multi-modal sensor data
improve human behavior analysis, they increase data collection and feature engineering costs. A large feature
set reduces model interpretability (e.g., [44] used approximately 3,356 features). Previous research primarily
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employed aggregated statistical features derived through time windowing, such as total smartphone usage, app
category duration, frequency, and typing behavior (e.g., speed and error rate). To reduce model complexity
and improve interpretability, studies applied dimensionality reduction [85], feature elimination, or selection
techniques, as summarized in Table 1.

However, app-level or category-level features are broad and surface-level, and the multifunctionality of modern
third-party apps makes single-category classi�cation challenging. As a result, time-windowed features provide
limited insight into speci�c daily activities (e.g., �nance payments, web browsing, messaging), reducing the
model's ability to link behaviors to stress. Furthermore, relying on �xed-interval statistical features can cause
distribution shifts after deployment, a�ecting feature selection or importance rankings and compromising
robustness [2, 3, 27]. If these shifts are ignored, model performance may degrade on new datasets as outdated
features remain in use.

2.2 Distribution Shi� in Smartphone Interaction Sensing
In streaming-based ML environments, such as smartphone sensing, distribution shift (also called data drift or
dataset shift) occurs when the source distribution? used during training di�ers from the target distribution5
encountered during deployment [36, 65, 67]. Distribution shifts are generally categorized into three types [65, 79]:
(1)Covariate shift , where the input distribution changes but the input�label relationship remains constant:

?- ¹Gº < 5- ¹Gº• ?. j- ¹~ j Gº = 5. j- ¹~ j Gº

Table 1. Review of prior smartphone usage behavior-based stress detection model research. DLV 1: smartphone usage, DLV
2: total app usage, DLV 3: categorical app usage, DLV 4: individual app usage, and DLV 5: within-app usage behavior.

Studies Smartphone Usage (duration time, frequency, typing) and Context Features DLV N Aged Duration Model Performance

[50]
- Total touch/typing usage (e.g., key press, number of backspace/character)
- Location, weather

2 1 30s 2 weeks Personal 67.5% acc

[10]
- Speci�c app usage (e.g., call, SMS)
- Bluetooth proximity, location

4 7 - 1 month Personal Avg. 53% acc

[104]
- Device (e.g., screen on/o�), app category, and speci�c app usage (e.g., call, SMS)
- Mic, physical activity, location

1, 3, 4 30 18-30 1 month Personal Avg. 63% acc

[99]
- Device (e.g., screen on/o�) and app category usage
- Location

1, 3 28 20-47 100 days Personal 59%�70% acc

[64]
- Speci�c app category (e.g., social and system) and app usage (e.g., call, SMS)
- Mic, physical activity, location

3, 4 30 26-40 8 weeks Personal 67.6%�71.7 acc

[47]
- Total app and app category usage
- Physiological/physical activity, location

2, 3 36 19-33 25 days Personal Avg. 61-68% acc

[34]
- Total typing usage (e.g., typing duration,
number of backspaces/characters)

2 22 24-33 3 weeks Personal Avg. 78% AUC

[19]
- Device (e.g., screen on/o�/unlock) and app category usage
- Total touch/typing usage (e.g., swipe, scroll, and text input)
- Physical activity

1�3 25 18-57 1 month
Personal
Global

- 77-88% F1
- 63-83% F1

[85]
- Device (e.g., screen on/o�) and speci�c app usage (e.g., call, SMS)
- Physiological/physical activity

1, 4 18 28±7.8 5 days Global 75% acc

[84]
- Device (e.g., screen on/o�) and speci�c app usage (e.g., call, SMS, internet, email)
- Physiological/physical activity

1, 4 66 20.1±1.5 1 month Global 67-92% acc

[71]
- Device (e.g., battery) and speci�c app usage (e.g., call, calendar)
- Mic, physiological/physical activity

1, 4 35 25-62 4 months Global 55% acc

[13]
- Speci�c app usage (e.g., call, SMS)
- Bluetooth proximity, weather

4 117 - 5 months Global 72.3% acc

[42]
- Device (e.g., screen on/o�) and speci�c app usage (e.g., call, SMS)
- Physiological/physical activity, location

1, 4 20, 48 18-24 1 month Global 68.5% acc

[44]
- Device usage (e.g., screen on/o�/unlock, battery, power, data tra�c, network)
- Total app, app category, and speci�c app usage (e.g., call, SMS)
- Physiological/physical activity, location

1�4 77 17-38 1 week Global 66.6% acc
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(2)Label shift , where the label distribution changes while the conditional feature distribution remains the same:

?. ¹~º < 5. ¹~º• ?- j. ¹Gj ~º = 5- j. ¹Gj ~º

(3)Concept drift , where the relationship between features and labels changes over time:

?. j- ¹~ j Gº < 5. j- ¹~ j Gº• ?- ¹Gº = 5- ¹Gº

These types of shifts are prevalent in smartphone interaction datasets [1, 65, 67]. In addition, smartphone logs
frequently experiencefeature evolution (also called schema drift), where existing features disappear or new
ones emerge due to app updates, UI/UX modi�cations, or event schema changes [39, 69, 86, 105]. Such structural
variations can a�ect feature extraction, alter feature importance, and reduce model reliability.

To address these issues, prior studies have adoptedadaptive learning strategies, including online retraining,
incremental learning, and domain adaptation [30, 36, 65, 67]. For example, Meegahapola et al. [65] applied a
Domain-Adversarial Neural Network (DANN)-based Unsupervised Domain Adaptation (UDA) framework to
mitigate covariate shift between training and deployment domains in multimodal mobile sensing. Hao et al. [36]
proposed a self-supervised lightweight drift detection method that automatically identi�es covariate shift on
mobile devices and adapts models through by-cause adaptation under resource constraints. Ferjani and Alsaif [30]
implemented incremental concept drift detection for smartphone accelerometer-based road anomaly detection.
Hou et al. [39] proposed a model-switching approach to recover missing features in streaming data, while Zhang et
al. [105] introduced an adaptive deep learning framework addressing both distribution drift and feature evolution
simultaneously.

Although these adaptive methods e�ectively detect and respond to distribution shift or schema drift, they exhibit
several inherent limitations. First, they arereactive, updating models only after performance degradation occurs
due to drift. Second, adaptive learning methods incur signi�cant computational and operational costs associated
with continuous monitoring, retraining, and maintaining ensemble models, challenges that are particularly
problematic in resource-limited mobile environments [67]. To overcome these challenges, we propose a proactive
feature design approach that ensures robustness against both covariate shift and feature evolution. Our proposed
SHIRBT features are derived from users' repetitive daily routines, making them inherently stable across OS, app,
and contextual variations. These task-level features exhibit lower sensitivity to drift than conventional statistical
features, enabling our SHIRBT-based framework to maintain reliable performance without frequent retraining
and to o�er a scalable, cost-e�cient solution for real-world deployment.

2.3 Smartphone Interaction-based Human Behavior Mining
Prior studies have extracted smartphone interaction-based human behaviors using data mining techniques such as
Association Rule Mining (ARM) and Sequential Pattern Mining (SPM) [40, 59, 72, 90]. These studies demonstrated
that routine behaviors can be mined from passive smartphone sensing data combining contextual (e.g., time,
location) and behavioral (e.g., smartphone app usage) information. Mukherji et al. [72] presented a Mobile
Sequence Mining (MSM) engine that captures longitudinal on-device usage patterns while preserving privacy.
Srinivasan et al. [90] mined app and location-based behaviors to enhance personalization and user experience
through predictive shortcuts without signi�cant battery drain. Lu et al. [59] introduced the MASP-Mine algorithm
to identify Mobile Application Sequential Patterns (MASPs) and Spatial-Temporal App Usage Paths (STAR), while
Hsu et al. [40] proposed a pattern-growth-based algorithm for mining time-constrained sequential patterns.

Collectively, these works showed that personalized app usage patterns or rules derived from SPM and ARM
improve behavior interpretability and can reduce data volume, mitigate privacy concerns, and minimize energy
consumption [40, 59, 72, 90]. However, these approaches only identi�ed between-app usage patterns at DLV 4
(Figure 2) without o�ering interpretability for within-app UI state behaviors at DLV 5. They also failed to specify
the temporal granularity of extracted patterns, missing daily smartphone interaction routines. Moreover, the
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derived patterns were not modeled into user-understandable task forms nor extended to broader applications
such as mental health detection.

2.4 Smartphone-based Human Behavior Modeling for Mental Health Detection
Previous studies have detected stress and depression by leveraging smartphone multi-modal sensor data (e.g.,
location, physical activity, app usage) re�ecting human routine behavior [12, 99� 101]. Berrouiguet et al. [12]
applied unsupervised mining of smartphone usage data to identify mobility pattern changes in depressed patients,
while Xu et al. [100, 101] used ARM on context-�ltered smartphone usage and contextual features to detect
depression. Similarly, Vildjiounaite et al. [99] employed an unsupervised long-term stress monitoring approach
using smartphone-based multimodal data (e.g., phone usage, physical activity) with Hiden Markov Model (HMM),
achieving accuracy comparable to supervised methods.

However, prior studies primarily identi�ed inter-app association rules without analyzing within-app UI
trajectory (DLV 5 in Figure 2). They focused on combining multi-modal sensor features (e.g., location, action, and
smartphone usage) to derive behavior rules rather than modeling consistent daily routine tasks, thus failing to
e�ectively reduce data collection. In contrast, our study aims to enhance explainability and e�ciency by modeling
SHIRBT through within-app UI trajectory mining. To derive sequential and frequent UI trajectories, we adopt the
SPM technique used in previous studies [40, 59, 72] for SHIRBT modeling.

2.5 Sequential Pa�ern Mining
Sequential Pattern Mining (SPM) discovers frequent subsequences and meaningful relationships in sequential data,
which consists of ordered events over time [4]. It has been applied in diverse domains such as web usage analysis,
scienti�c research, natural disaster tracking, customer behavior, protein structure, and disease treatment [31, 61].
With the expansion of e-commerce and the extensive potential of mobile apps, web/app usage mining has emerged
as an essential area of focus [58, 61, 77]. As a critical application of SPM, web/app usage mining centers on
extracting users' navigation patterns from various web/app usage data [58, 61].

Depending on the database structure, it is categorized intopage miningandcontent mining[61]. Page mining
identi�es interaction sequences across screens (e.g., web access logs, clickstreams, traversals, mobile app usage)
using singleton item databases (DBs), where each item represents a screen transition such as wep page or UI
state event [28, 31, 54, 58, 77]. Content mining, by contrast, employs k-itemset DBs that record multiple items
(e.g., products a, b, and c) generated simultaneously from user interactions with speci�c content (e.g., add to
cart or purchase button) [29, 61]. In this study, we focus on page-level mining to derive SHIRBT by extracting
within-app UI state sequential patterns and de�ning them as tasks. For example, a sequential pattern composed
of within-app UI state events can represent a user's behavior in a chat app, such as navigating from the main
screen (a) to the chatroom screen (b) and back, using a data structure likehabai .

In general, the key terms and elements (e.g., event set, sequence, sequence database, support, etc.) identi�ed in
previous studies in the process of constructing a singleton itemset DB composed of web pages or within-app UI
states and performing SPM are as follows [28, 29, 53, 54, 61, 77]:

� Event: An event refers to a within-app UI state (e.g., activity, view, layout, dialog, etc.) that changes due to
speci�c inputs during a user's interaction with a smartphone. For example, the main screen or a chatroom
screen in a chat app can be considered an event.

� Event set: De�ne � as the set of all events.
� Sequence: A sequence S is a list of events arranged in order and is represented as( = h4142 ” ” ” 4= i , where

48 2 � and1 � 8� =.
� Sequence length: In the sequence( = h4142 ” ” ” 4= i , = denotes the length of sequence S. A sequence of

length= is called an=-sequence.
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� Subsequence and supersequence: Given two sequences( 0 = h0102 ” ” ” 0= i and( 1 = h1112 ” ” ”1< i , if there
exist integers1 � 81 Ÿ 82 Ÿ � � � Ÿ 8< � = such that19 = 089 for 1 � 9� < , then( 1 is a subsequence of( 0,
and( 0 is a supersequence of( 1. This relationship is simply denoted as( 1 � ( 0 when( 1 is a subsequence
of ( 0.

� Sequence identi�cation (Sid) : A special value (e.g., timestamp, customer ID, user ID) used to identify
each sequence is de�ned as sequence identi�cation orB83.

Table 2. Example of sequence database and sequential pa�ern mining

(a) Example of Sequence Database (Input)

SID Sequence
1 <acd>
2 <acbcabae>
3 <ecdabd>
4 <ac>
5 <abc>

(b) Example of Sequential Pa�ern Mining (Output)

No. Patterns (minsup: 3)
1 <a>(support: 5)
2 <c>(support: 5)
3 <ac>(support: 4)
4 <b>(support: 3)
5 <ab>(support: 3)

� Sequence database (SDB): A (�� is a set of tupleshB83• (i , where S is a sequence andB83is its identi�er.
� Support : The support of sequence( 0 in (�� is the number of tuples that include( 0. Here, �include� means

that ( 0 is a subsequence of( . The support of sequence( 0 in (�� is de�ned as follows.

BD??>AC(�� ¹( 0º = jfhB83• (i j ¹hB83• (i 2 (�� ^ ¹ ( 0 � ( ººgj (1)

If the (�� is clear from context,BD??>AC(�� ¹( 0º can be abbreviated asBD?¹( 0º.
� Sequential Pattern : A sequential pattern is de�ned as a sequence in(�� that has support greater than

or equal to a minimum support threshold (minsup). The minsup is a user-de�ned integer greater than 0.
Formally, a sequence S is de�ned as a sequential pattern if the following condition is satis�ed.

BD??>AC(�� ¹( º � <8=BD? (2)

For example, in the(�� (Table 2), whereminsup= 3, the frequent patterns areh0i , h1i , h2i , h01i , andh02i .
Importantly, this includes both contiguous subsequences (e.g.,h01i ) and non-contiguous subsequences
(e.g.,h02i when sid = 5) that meet the minimum support threshold.

3 METHODOLOGY: SHIRBT-MMF FRAMEWORK
We proposed aSmartphone Human Interaction-based Routine Behavior Task Mining, Modeling, and
Feature Extraction (SHIRBT-MMF) framework process consisting of four phases: Section 3.1.1 explains the
limitations of traditional SPM for SHIRBT mining and the need for a multi-level SPM approach. Section 3.1.2
and 3.1.3 presented the construction of a multi-level SDB and the process of multi-level SPM for SHIRBT mining.
Section 3.2 explained how the mined SHIRB patterns are modeled into SHIRBT using LLMs for interpretability,
and Section 3.3 described SHIRBT-based feature extraction for quantitative stress analysis.

3.1 Development of Multi-Level Sequential Pa�ern Mining Algorithm
3.1.1 Necessity of Multi-Level Sequential Pa�ern Mining . To mine and model SHIRBT, we constructed an
SDB and performed SPM by considering two dimensions: temporal context (e.g., time epoch) and in-app action
(e.g., sequential pattern based on within-app UI state events). Following previous studies [40, 59, 72, 90], human
routine behavior can be mined from user context (e.g., time) and in-app action (e.g., smartphone app usage)
domains. Thus, we de�ned the time epoch as a daily interval to mine within-app UI state events-based sequential
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(a) within-app UI State Event-based DB (b) Single-SID based SDB and SPM Outputs

(c) Double-SID based SDB and SPM Outputs (d) Multi-Level-SID based ML-SDB and ML-SPM Output

Fig. 3. Limitations of sequential pa�ern mining based on existing sequence database structures and the proposed multi-level
sequence database and multi-level sequential pa�ern mining method

patterns that occur daily. Furthermore, to extract only the actions during smartphone interactions, we focused on
within-app UI state event data corresponding to app usage sequences between screen-on and screen-o� events
(screen on/o� session). Based on this, we constructed an SDB that incorporated three dimensions of data: day,
screen on/o� session, and within-app UI state event.

We adopted the tuple structurehsid•Si commonly used in web log-based SPM studies [31, 38, 40, 61, 72, 77]
based on the SDB structure presented in Figure 3b. TheB83represents the day for daily support counting, and
Sequence( denotes the within-app UI state events occurring during the �rst screen on/o� session of the day.
However, the single-B83based SDB structure can consider one screen on/o� session among multiple sessions
within a day, preventing the mining of sequential patterns for individual screen on/o� sessions across the day. For
example, the sequencehcabai associated withB83(Day) for June 14 corresponds to the �rst screen on/o� session
of that day, whereas the sequencehcdi from the second screen on/o� session on the same day (June 14) could not
be included. Therefore, the single-B83-based SDB structure includes only sequences from speci�c sessions within
a day, excluding those from other same-day sessions and preventing a comprehensive analysis of the entire day.

To address this limitation, we de�nedB83as the day for daily support counting and( as all within-app UI
state events occurring from the �rst screen-on to the last screen-o� within that day. In this con�guration,(
represents a continuous chronological sequence that ignores session boundaries, causing independent sessions
separated by hours to be mined as one. For instance, the sequenceh201023i for June 14 combines two sessions,
allowing subsequences such ash023i , h02i , andh03i to appear as a single pattern even though they originate
from di�erent sessions. This highlights the need for an SDB structure and SPM method that accounts for multiple
screen on/o� sessions within a day and extracts sequential patterns solely from within-session events.

To extract sequential patterns from within-app UI state events in each screen on/o� session, we performed
SPM using Double-B83-based SDB containing two identi�ers:B831 (day) andB832 (screen on/o�), as illustrated in
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Figure 3c. However, conventional SPM algorithms [31,35,61, 77] could not simultaneously process dual identi�ers,
leading to support-counting inconsistencies. When consideringB831 (day), extracting session-level sequential
patterns became di�cult, whereas usingB832 (screen on/o�) prevented accurate daily support aggregation. For
instance, with a minimum support threshold (minsup) of 3, seven patterns (e.g.,h0i , h1i , h2i , h3i , h01i , h02i , h03i )
were mined. Yet, underB832, the patternh3i appeared across three days (June 14�16) and should have a support
of 3, but duplicate sessions on June 15 increased it to 4. Similarly,h2i spanned two days (June 14�15) but was
redundantly counted due to multiple sessions on June 14, yielding a support of 3. To resolve these inconsistencies,
we proposed theMulti-Level Sequence Database (ML-SDB)andMulti-Level Sequential Pattern Mining
(ML-SPM) algorithm (Figure 3d), which accounts for the hierarchical relationship between day and session.
Detailed procedures for ML-SDB construction and ML-SPM were presented in Sections 3.1.2 and 3.1.3.

3.1.2 Multi-Level Sequence Database Construction . We preprocessed the within-app UI state event data
before constructing the ML-SDB (Figure 3d). To capture transitions within-app usage states during user�app inter-
actions within each screen on/o� session, we loggedWindowStateChangedevents using Android's built-in APIs:
Accessibility Event [21] and Accessibility Service [22], as recommended by recent Android sensing surveys [52].
These events indicate the app's UI structure changes, such as transitions between activities, layouts, or dialogs
(Figure 4). EachWindowStateChangedevent was recorded as a Fully Quali�ed Class Name (FQCN), for example,
com.kakao.talk.activity.main.MainActivity or com.kakao.talk.android.widget.FrameLayout , comprising the
package name (a unique app identi�er, e.g.,com.kakao.talk ) and the class name (e.g.,ChatRoomHolderActivity or
FrameLayout), which represent UI elements that users directly interact with.

To abbreviateWindowStateChangedevents, we removed the top-level domain (e.g.,com, org) and
used the �rst letter of the package name, which represents the company, app, or service, combined
with the initials of each word in the class name (e.g.,com.kakao.talk.activity.main.MainActivity
! KT.MA). In some cases,WindowStateChangedevents contained two package names, such as
com.naver.whale.org.chromium.chrome.browser.ChromeTabbedActivity . This occurred when Android libraries
(e.g., Chromium) or modularized code were reused. For instance, a browser app (e.g.,com.naver.whale) could use
APIs from an open-source library (e.g.,org.chromium.chrome[93]), resulting in a combined structure of two pack-
age names and a class name (e.g.,com.naver.whale.org.chromium.chrome.browser.ChromeTabbedActivity ,
abbreviated asNW.CCB.CTA). We excluded events that were not generated during user interactions
within screen on/o� sessions. Additionally, automatically generated system events within sessions (e.g.,
com.android.systemui.android.widget.FrameLayout ) were also excluded.

We constructed an ML-SDB based on Multi-Level sequence identi�cation (ML-sid) to perform Multi-Level
Sequential Pattern Mining (ML-SPM) using the preprocessed smartphone usage data, as shown in Figure 3d. The
de�nitions of ML-sid and ML-SDB are as follows.

� Multi-Level sequence identi�cation : ML-sid is de�ned in the form of a tuplehday, screen on/o� sessioni
(e.g.,hJune 14, 1i , hJune 14, 2i ) to simultaneously account for the hierarchical structure between day and
screen on/o� session during the support counting process.

� Multi-Level sequence database: The ML-SDB (Figure 3d) is de�ned as a set of tupleshML-sid, sequencei ,
where each tuple consists of an ML-sid and a corresponding within-app UI state event-based sequence.

The ML-SDB constructed from preprocessed smartphone usage data to perform ML-SPM can be represented as
shown in the example in Figure 4. Speci�cally, in the example ML-SDB presented in Figure 4, the �! � symbol is
used to distinguish eachWindowStateChangedevent and clearly indicate the chronological order of within-app
UI state events.

3.1.3 Multi-Level Sequential Pa�ern Mining Algorithm . We proposed an ML-SPM algorithm to extract
within-app UI state events-based sequential patterns performed daily from the constructed ML-SDB. The existing
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Fig. 4. Example of smartphone usage data preprocessing and the input & output of multi-Level sequential pa�ern mining
Abbreviations:
KT.MA = com.kakao.talk.activity.main.MainActivity ,
KT.CRHA = com.kakao.talk.activity.chatroom.ChatRoomHolderActivity ,
GM.MAG = com.google.android.gm.ui.MailActivityGmail ,
GM.CAG = com.google.android.gm.ui.ComposeActivityGmail
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SPM method counts the support of identical subsequences across multiple screen on/o� sessions on the same day
redundantly, and generates both non-contiguous and contiguous sequential patterns as explained in section 2.5
and 3.1.1. To count the support of subsequences appearing in multiple screen-on/o� sessions on the same day
without redundancy and to re�ect the continuity of users' within-app usage behavior, we proposed a new support
counting method called multi-level support (ML-sup). The de�nitions were described as follows.

� Contiguous subsequence: When a sequence of within-app UI state( 1 = h11•12• ” ” ” •1< i is a subsequence
of a sequence of within-app UI state( 0 = h01• 02• ” ” ” • 0= i , if integers81• 82• ” ” ” • 8< satisfy8: ¸ 1 � 8: = 1 for
¹1 � : Ÿ < º, then( 1 is a contiguous subsequence of( 0, denoted as( 0 � ( 1. For example, for the sequence
habci , the subsequenceshabi andhbci are contiguous subsequences ofhabci , while haci is not a contiguous
subsequence.

� Contiguous sequential pattern: A contiguous sequential pattern is a sequential pattern that quali�es as
a contiguous subsequence.

� Multi-Level support: Multi-Level support is a support counting method that counts the support of a
subsequence across multiple screen-on/o� sessions on the same day without redundancy. To extract only
contiguous within-app UI state events-based sequential patterns from the constructedML-SDB, we de�ned
Multi-Level supportML-SDB(ML-sup) as follows.

Multi-level supportML-SDB¹( 0º =
�
�f day j ¹hhday, screen on/o� sessioni • (i 2 ML-SDB^ ¹ ( 0 � ( ººg

�
�

For example, when ML-SPM is applied to the ML-SDB in Figure 4, the contiguous within-app UI state events-
based sequential patternshKT.MAi , <KT.CRHA>hKT.CRHAi , andhKT.MA ! KT.CRHAi appear in 5 sequences
(i.e., session 1& 3 on June 14, 4 on June 15, and 5& 6 on June 16). Similarly,hKT.CRHA! KT.MAi andhKT.MA
! KT.CRHA! KT.MAi appear in 4 sequences (i.e., session 1& 3 on June 14, 4 on June 15, and 5 on June 16).
hGM.MAGi appears in 4 sequences (i.e., session 2& 3 on June 14, 3 on June 15, and 5 on June 16). For sequential
patternshKT.MAi , hKT.CRHAi , hKT.MA ! KT.CRHAi , andhGM.MAGi that appear in both session 1& 3 or
2 & 3 on June 14, the ML-sup for June 14 is counted as 1 without redundant counting. Similarly, for sequential
patternshKT.MAi , hKT.CRHAi , andhKT.MA ! KT.CRHAi that appear in both session 5& 6 on June 16, the
ML-sup for June 16 is also counted as 1, not 2. To extract the SHIRB tasks from the mined contiguous within-app
UI state events-based sequential patterns, it is necessary to interpret the meaning of human routine tasks based
on both the within-app UI state events and their order. However, a sequence with a length of 1 (1-sequence) is
di�cult to interpret as a human routine behavior based on the order of events. Therefore, sequential patterns
with a length of 1 were excluded from the extracted sequential patterns, such ashGM.MAGi , hKT.MAi , and
hKT.CRHAi , as shown in Figure 4.

Within-app UI state events-based sequential pattern data is characterized by a large number of sequences, the
presence of very long sequences, and a wide variety of events. Therefore, considering the nature of the data,
we applied a relatively e�ective pattern-growth method (e.g., Pre�xSpan [35]) compared to traditional apriori
algorithms (e.g., Apriori All/Some, GSP, SPAM, SPADE [4, 8, 89, 102]). The pattern-growth approach eliminates
candidate generation and leverages database projection to e�ciently reduce the search space and the number
of database scans, thereby minimizing memory consumption and improving processing speed. The detailed
implementation of the pattern-growth-based ML-SPM algorithm is described in Appendix A.

3.2 Development of LLM-based Automated SHIRBT Modeling System
We modeled sequential patterns derived from ML-SPM, which are composed of within-app UI state events,
asSmartphone Human Interaction�based Routine Behavior Tasks (SHIRBT) . This modeling adopted
the concept of smartphone-based Activities of Daily Living (S-ADL) [51] to generate explainable and human-
interpretable features for users and service providers. Each within-app UI state event in the sequential patterns
consists of an app package and a class name. While some events can be intuitively understood from their names,
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many are unfamiliar to non-technical users or system operators. Furthermore, the large number of patterns and
events makes it impractical for service providers to manually assign heuristic SHIRBT labels. To address this
challenge, we developed anLLM-based SHIRBT annotation system that automatically maps the functional
meaning of event sequences to human-understandable SHIRBT.

Fig. 5. Validating LLM's capability of understanding functional meaning of UI state events
Abbreviations:
KT.MA = com.kakao.talk.activity.main.MainActivity ,
KT.CRHA = com.kakao.talk.activity.chatroom.ChatRoomHolderActivity

3.2.1 Validating LLM's Capability of Understanding Functional Meaning of UI State Events . Before
performing clustering, we veri�ed whether the LLM could accurately interpret the functional meaning of within-
app UI state events. Each event consisted of a package name and class name, and we used 20�30 representative
examples from the most frequently used apps among young adults in Korea (e.g., KakaoTalk, Chrome, Naver,
Gmail) [91, 92] (Figure 5). We used prompts related to interpreting the functional meaning of each event (e.g.,
KT.MA, KT.CRHA) corresponding to contiguous within-app UI state events-based sequential patterns (e.g.,
hKT.CRHA! KT.MAi ) derived through the ML-SPM process. These prompts were applied to the LLM (GPT-
4o [75]) to extract the characteristics of app package names and the functional meanings of class names within
the app, as shown in Figure 5.

We evaluated the LLM's interpretive accuracy through three tests (Figure 5). First, we manually performed
various app tasks while logging events and recording screens to con�rm that the LLM's interpretations matched
the actual functions observed at the same timestamps. Second, we assessed consistency by reinterpreting 20
representative events per app �ve times, obtaining identical results in all cases (100% consistency). Third, three
experts�including app developers and researchers familiar with usage log analysis�veri�ed the correctness
of the LLM's interpretations. Finally, we con�rmed that the model also accurately and consistently interpreted
events from both system apps (e.g.,com.android.launcher3.proxy.ProxyActivityStarter ) and sideloaded apps
not available in o�cial app stores (e.g.,com.example.speaker.controller.MainActivity ).

3.2.2 Developing and Standardizing SHIRBT Naming Rules for LLM Training . We established standards
and rules for task labeling to derive human-understandable and consistent SHIRBTs from the sequential patterns
identi�ed through ML-SPM using LLMs. We conducted a heuristic analysis based on expert and user evaluations

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 9, No. 4, Article 187. Publication date: December 2025.


	Abstract
	1 INTRODUCTION
	2 BACKGROUND AND RELATED WORK
	2.1 Smartphone Interaction Sensing-based Stress Models
	2.2 Distribution Shift in Smartphone Interaction Sensing
	2.3 Smartphone Interaction-based Human Behavior Mining
	2.4 Smartphone-based Human Behavior Modeling for Mental Health Detection
	2.5 Sequential Pattern Mining

	3 METHODOLOGY: SHIRBT-MMF FRAMEWORK
	3.1 Development of Multi-Level Sequential Pattern Mining Algorithm
	3.2 Development of LLM-based Automated SHIRBT Modeling System
	3.3 SHIRBT and Baseline Feature Extraction

	4 DATA COLLECTION AND SHIRBT FEATURE EXTRACTION
	4.1 Stress Label Data Collection
	4.2 Smartphone Data Collection
	4.3 SHIRBT Modeling and Feature Extraction Result

	5 MODEL EXPERIMENT SETUP
	5.1 Comparison Methods
	5.2 Model Building

	6 RESULTS
	6.1 Personal Model: SHIRBT vs. Baseline
	6.2 Personal Model: One/Two SHIRBT(s) vs. All SHIRBTs vs. Baseline
	6.3 Global Model: SHIRBT vs. Baseline
	6.4 Selected Feature Importance of SHIRBT and Baseline

	7 Comparison of Covariate Shift and Schema Drift
	7.1 Univariate & Multivariate Covariate Shift Comparison
	7.2 Schema Drift Comparison

	8 DISCUSSION
	8.1 Summary of Major Contributions
	8.2 Possibility of Reducing Model Complexity and Addressing Privacy Concerns
	8.3 Robustness of Data Collection: Empirical Analysis across Devices, OS Version, and App Types
	8.4 Battery Consumption and User Behavior Implications of SHIRBT Derivation
	8.5 Limitation and Future Works

	9 CONCLUSION
	Acknowledgments
	References
	A Multi-Level Sequential Pattern Mining Algorithm: Implementation
	B LLM-based Automated SHIRBT Modeling System
	B.1 Generating Optimized Task Name via User Evaluation
	B.2 Building LLM-based Automated SHIRBT Modeling System via Prompt Engineering
	B.3 Evaluation of LLM-Based SHIRBT Modeling Performance Measurement

	C SHIRBT-MMF: Feature Extraction Process
	C.1 Usage Time Metrics Extraction
	C.2 Usage Frequency Metrics Extraction
	C.3 Typing Behavior Metrics Extraction
	C.4 Statistics Calculation


