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Abstract

Monitoring behavioural drift, a sustained shift in an individual’s daily activity, sleep, or
social patterns, offers a significant lens for early mental health intervention. However,
detecting these drifts in free-living settings remains challenging due to the absence of
ground-truth labels, the temporal complexity of human behaviour, and fragmentation
across heterogeneous sensing modalities. This paper proposes a multimodal approach
to quantify and detect behavioural drift using longitudinal data from over 500 university
students in the NetHealth cohort. We extract personalised, longitudinal features spanning
three behavioural domains: physical activity, sleep hygiene, and communication diver-
sity and model deviations relative to rolling, individual-specific statistical baselines. To
differentiate transient anomalies from meaningful behavioural change, we introduce a
sustained streak mechanism that identifies persistent drift episodes. We evaluate three
temporal modelling strategies: Isolation Forest, Convolutional Neural Networks, and Long
Short-Term Memory networks across both single-modality and fused approaches. Our
findings indicate that recurrent models offer the strongest performance, highlighting the ne-
cessity of capturing temporal dependencies in behavioural data. Furthermore, we find that
cross-modal correlations between drift signals are weak, confirming that activities, sleep,
and communication provide complementary, non-redundant insights into an individual’s
well-being. This work establishes the methodological basis for integrating multimodal
sensing data to monitor mental health trajectories, providing a scalable path towards early
intervention in digital health.

Keywords: behavioural drift; anomaly detection; unsupervised detection; digital
phenotyping; multimodal

1. Introduction
The past decade has witnessed a rapid transformation in the study of human behaviour,

driven by the ubiquity of smartphones and wearable devices. This paradigm, frequently
referred to as digital phenotyping, allows for the continuous, unobtrusive collection of be-
havioural and physiological signals in real-world environments [1–3]. Unlike traditional
clinical assessments, which provide only a static “snapshot” of health, passive sensing enables
a high-resolution, longitudinal “video” of an individual’s daily life. This includes fine-grained
measurements of physical activity (e.g., step counts and movement variance, sleep behaviour
(e.g., onset, duration, and nocturnal interruptions), and social connectivity (e.g., call and SMS
frequency and contact diversity). The widespread adoption of smartphones and wearables,
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particularly among young adults, has made such continuous behavioural monitoring increas-
ingly feasible. As of 2023, 98% of UK residents aged 16–24 own a smartphone [4], while the
use of wearables such as Fitbit and Apple Watch has transitioned from niche fitness tracking
to mainstream health monitoring. For university populations, a demographic notoriously
prone to fluctuating stress levels and burgeoning mental health challenges, this creates a
unique opportunity for large-scale, real-time monitoring. However, the true value of these
data streams lies not in their volume, but in our ability to detect meaningful departures from
an individual’s unique “status quo.”

Despite the potential of digital sensing, much of the current computational landscape
remains ill-suited to detect the gradual, cumulative changes that often characterise early
psychological decline. In sensor-based behavioural analysis, human activity recognition
(HAR) has long been the predominant approach. These systems typically segment data
into short windows, for example, 10–60 s, to classify discrete activities such as walking
or sitting [5,6]. While effective for identifying momentary states, HAR is limited for
understanding sustained behavioural change; it assumes independence among segments
and overlooks the long-term temporal continuity that defines human habits.

To bridge this gap, this paper introduces the concept of behavioural drift. While an
anomaly might represent a single night of sleep deprivation or an isolated social event,
drift refers to a sustained and gradual shift in the baseline itself. In a mental health context,
drift may manifest as a progressive reduction in social entropy, a subtle but consistent
delay in sleep onset, or a creeping decline in physical mobility, all of which are documented
precursors to depressive or anxious episodes. The urgency of developing drift detection
mechanisms is underscored by a worsening global mental health crisis. According to
the World Health Organization [7], mental disorders affect more than one in four adults
and represent 14% of the global disease burden. Among young adults, the figures are
particularly stark—for example, in the United Kingdom, nearly 28% of individuals aged
16–29 reported moderate to severe depressive symptoms in late 2022 [8]. Traditional
monitoring relying on episodic clinical visits or retrospective self-reports is often “too little,
too late.” By the time a student seeks help, they may have been experiencing behavioural
drift for weeks. Detecting these deviations as they occur offers a path towards proactive,
rather than reactive, intervention.

There is a significant need for computational approaches that can synthesise multi-
modal data to detect these longitudinal shifts. This paper addresses this need by designing
and evaluating an approach to behavioural drift detection using the NetHealth dataset,
which contains over 500 university students’ longitudinal data. The proposed approach
models individual baselines and flags deviations across physical, social, and circadian
domains to provide methodological insights for proactive health monitoring. In doing
so, it contributes a principled approach for modelling sustained behavioural drift under
real-world constraints of label scarcity, heterogeneity, and individual variability. More
specifically, this paper makes three primary contributions:

• We propose a per-user modelling approach using sliding temporal windows to con-
struct stable, intra-individual behavioural baselines.

• We provide a comparative analysis of three modelling strategies, Isolation Forest,
Convolutional Neural Networks, and Long Short-Term Memory networks, to de-
termine which architecture best captures the “memory” of human behaviour under
real-world conditions.

• We introduce a late-fusion strategy that integrates drift signals from disparate modali-
ties (activity, sleep, and communication) to produce interpretable alerts, demonstrating
that while these signals are weakly correlated, they are highly complementary.
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The remainder of this paper is structured as follows. Section 2 reviews related work on
behavioural modelling and drift detection. Section 3 details the methodology, including the
NetHealth dataset and our preprocessing pipelines. Section 4 presents our experimental
findings, followed by a discussion of implications and future work in Section 5.

2. Related Work
Human activity recognition (HAR) provides a foundational framework for modelling

sensor-based behaviour, focusing primarily on the detection and classification of physical
actions via smartphones and wearables [5,9]. Early HAR systems utilised short-window
architectures, typically segmenting high-frequency data from accelerometers and gyro-
scopes into 10–60 s intervals for independent analysis through statistical feature extraction
and classical classifiers like Random Forest or Support Vector Machines [10,11]. While
effective at identifying immediate activity states, these traditional approaches suffer from a
significant structural limitation in that they treat activity segments as independent events.
Consequently, the higher-order temporal continuity and routine context, such as circadian
regularities and behavioural transitions, remain largely invisible to these models, making
them ill-suited for detecting the gradual and cumulative behavioural shifts that often
precede psychological decline [12,13].

Recent advances in deep learning have improved feature extraction and short-term
temporal modelling through Convolutional Neural Networks (CNNs) and Long Short-
Term Memory (LSTM) networks, which excel at capturing local patterns and sequential
dependencies in behavioural signals [14–16]. CNNs are particularly effective at extracting
local temporal features from multi-modal data to identify structured activity states [17],
while LSTMs extend these capabilities by retaining information over longer periods to
model periodic behaviours [18]. More recently, transformer architectures and pretrained
Large Language Models (LLMs) have been introduced to wearable sensing to leverage
attention mechanisms for modelling global dependencies across entire sequences [19]. De-
spite these improvements, most deep learning systems remain restricted by their reliance
on supervised learning and high-fidelity labels. In free-living mental health monitor-
ing, ground-truth annotations of behavioural decline are scarce, forcing a shift towards
semi-supervised or unsupervised approaches that can adapt to new users with minimal
intervention [20].

Beyond deep learning, researchers have explored sequential models such as bag-of-
words (BoW) and process mining to capture the higher-order dynamics of daily routines.
BoW frameworks summarise activity streams as frequency histograms of discrete events
within fixed intervals, successfully capturing inter-individual differences in routine struc-
ture [21,22]. However, BoW approaches discard the specific order and transitions of
activities, which may encode critical signatures of behavioural change. Conversely, process
mining aims to recover temporal dependencies and routine structures by analysing event
logs to detect disruptions in sequential patterns [23]. While powerful for domains with
clean, structured event logs, process mining remains computationally intensive and less
resilient to the inherent noise of wearable and smartphone data, limiting its scalability in
unconstrained longitudinal studies [24].

Current drift detection literature operationalises behavioural shifts as statistically
atypical patterns relative to personalised baselines. Unlike sudden anomalies, behavioural
drift refers to gradual, sustained changes in routine that persist beyond expected cyclical
variations, such as weekend effects or academic holidays [25,26]. To address the limitations
of population-level thresholds, recent studies utilise sliding window techniques to track
deviations from individual-specific means and variances over multi-day or multi-week
intervals [27,28]. As summarised in Table 1, the design axis for these systems centres on day-
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scale windowing strategies that stabilise behavioural variance. Furthermore, the grouping
of drift days into contiguous “streaks” or episodes has emerged as a vital mechanism
for distinguishing meaningful disruption from stochastic noise, aligning with clinical
perspectives on relapse where the duration and persistence of change are critical markers
of health status [29]. Despite progress in single-modality drift detection, there remains a
notable gap in testing whether these deviations co-occur across heterogeneous streams,
motivating the need for the multimodal late-fusion approach proposed in this study.

Table 1. Approaches with day-scale windowing methods.

Approach Window Size Preprocessing Reference

U-BEHAVED 3-day rolling baseline
(configurable)

Aggregate steps/hour;
compute rolling mean
and IQR; flag
consecutive outliers

[28]

DynAmo Configurable length Dynamic clustering to
capture trends [25]

PCAR Multi-month windows HAR aggregation into
daily activity curves [27]

PCAR ≤7 days

KL-divergence on
day-level step
summaries with
smoothing to
avoid zeros

[26]

eB2 feasibility
study (GPS)

>1 month

Clustering of daily
profiles; change point
detection on
profile probabilities

[30]

Daily multivariate
anomaly detection

Daily features over
months; analysis
focuses on two weeks
pre-relapse

Daily mobility and
sociability features;
anomaly detection on
multivariate
daily vectors

[29]

Recent advances in modality-specific behavioural sensing further underscore the
field’s transition from static summary statistics towards dynamic, context-aware modelling.
In the domain of physical activity, one of the most frequently utilised inputs in digital
phenotyping research has moved beyond simple daily step counts and aggregate movement
intensities to emphasise temporal structure and within-person context. While early studies
reduced physical behaviour to daily averages, thereby obscuring the nuance of sedentary
bouts and movement patterns [31], more recent unsupervised approaches compare adjacent
multi-day windows or model mixtures of recurring “day types” to characterise longitudinal
change [26,29]. For example, U-BEHAVED [28] demonstrates that rolling personalised
baselines with robust dispersion estimates substantially improve sensitivity to gradual
habit shifts while filtering routine weekly variability. Sleep has likewise emerged as a
critical modality for behavioural monitoring, with measures such as duration, onset, and
efficiency serving as sensitive indicators of stress, fatigue, and emotional dysregulation.
Recent unsupervised methods have moved away from aggregate sleep summaries towards
modelling circadian structure and within-person phase shifts using techniques such as
change-point detection, which are better suited to capturing sustained deviations that
static averages often fail to detect [32,33]. More broadly, multimodal passive sensing
has been widely explored for mental health inference using activity, sleep, mobility, and
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communication features, often relying on supervised learning or population-level models.
Recent systematic reviews of Digital Phenotyping of Mental Health synthesise these efforts
and consistently highlight persistent challenges related to temporal modelling, label scarcity,
and real-world deployment [34]. The present work directly addresses these gaps through
an empirically validated, unsupervised approach for detecting sustained behavioural drift.

Social behaviour and communication represent another vital dimension, where social
withdrawal is a primary hallmark of psychological distress. Passive sensing of communica-
tion logs allows for the inference of social rhythm stability, with studies showing that re-
duced phone interaction and social entropy correlate strongly with mood instability [35,36].
Shannon entropy, originally derived from information theory [37], has been successfully
adapted to characterise ego-network diversity, providing a proxy for the stability of social
ties that extends beyond raw event volume [38]. A decline in contact entropy often signals
social withdrawal and isolation risk, even when total interaction counts remain stable,
yet many existing implementations still prioritise mobility metrics over these complex
communication structures [30,39].

The inherent multimodality of human behaviour involving movement, sleep, and
social interaction suggests that relying on a single data stream risks overlooking critical
patterns of strain. While reduced physical activity might stem from various causes, its
co-occurrence with disrupted sleep and social withdrawal provides a far more robust
indicator of psychological decline. However, the integration of these heterogeneous streams
poses significant technical challenges, particularly regarding scale heterogeneity and data
missingness [40]. Early fusion strategies, which concatenate streams before modelling,
are often vulnerable to these issues, whereas recent work suggests that decision-level
late fusion is more effective. This strategy allows modality-specific models to be trained
independently, preserving the distinct statistical properties of each domain while enabling
flexible integration through neural network architectures or weighted ensembles [41].

Despite these advances, several critical gaps remain in the current state of behavioural
drift research. A primary challenge is the absence of standardised continuous ground-truth
labels for evaluating behavioural change, which undermines the comparability and gener-
alisability of proposed systems [42,43]. Furthermore, most existing approaches continue to
rely on pooled models or cross-user normalisation, implicitly assuming that deviations can
be assessed against population averages. Evidence from human activity recognition sug-
gests that such models often fail to generalise, reinforcing the need for truly individualised
historical baselines [42,44]. There is also a persistent lack of temporal sensitivity; while deep
sequence models like recurrent neural networks have been applied in adjacent fields like
affect recognition, their application in unsupervised drift detection remains limited. Finally,
most models still treat behavioural domains in isolation, overlooking the joint evolution
and temporal alignment of activity, sleep, and social patterns. This lack of integration
prevents the identification of cross-domain signatures of drift and limits the interpretability
of automated alerts in clinical settings.

These limitations motivate the need for a personalised, temporally sensitive, and
multimodal approach to behavioural drift detection. In response, we propose a method-
ological approach that models behavioural change relative to individual historical baselines.
Temporal persistence is explicitly considered to separate sustained drift from short-term
fluctuations. Activity, sleep, and communication signals are integrated to capture cross-
domain behavioural dynamics. The resulting approach provides the foundation for the
methodology described in Section 3.
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3. Proposed Methodology
The proposed behavioural drift detection approach is illustrated in Figure 1. Building

on the motivation outlined in Section 1, the methodology is designed to support person-
alised detection of behavioural change utilising longitudinal sensing data by defining adap-
tive individual baselines, preserving the temporal structure of heterogeneous behavioural
modalities, and integrating modality-specific signals through decision-level fusion.

Figure 1. Schematic representation of the proposed multimodal drift detection approach, illustrating
the pipeline from raw sensor ingestion and daily data aggregation to personalised baseline modelling
and late-fusion alert generation.

As shown in Figure 1, heterogeneous sensing streams, Fitbit-derived physical activity
and sleep records and smartphone-based communication events are first harmonised via
aggregation to a common daily resolution. This alignment produces a unified, per-user lon-
gitudinal timeline that preserves contextual richness and enables cross-modal comparison
of behavioural dynamics. For each user u and day t, multimodal daily behaviour is repre-
sented by a feature vector xu

t ∈ Rd. Personalised behavioural baselines are then constructed
using rolling statistical windows ω ∈ {7, 14, 21, 28} days, which are continuously updated
to remain sensitive to both transient anomalies and gradual long-term behavioural shifts.
Deviations from these individual-specific baselines are quantified over time and aggregated
into contiguous drift streaks, allowing sustained behavioural change to be distinguished
from isolated short-term fluctuations. Drift detection is performed independently within
each modality in order to preserve their distinct temporal and statistical properties. The
resulting modality-specific drift signals are subsequently integrated using a decision-level
late fusion strategy, generating interpretable behavioural drift indicators and fusion alerts
at the individual level.

3.1. Problem Formulation

To formalise the detection of behavioural drift, we represent the longitudinal data as a
set of time-ordered observations for each individual. Let U = {u1, u2, . . . , um} denote the
set of participants. For each user u ∈ U, we define a multivariate time series:

Xu = xu
1 , xu

2 , . . . , xu
T (1)

where xu
t ∈ Rd is a d-dimensional feature vector representing daily metrics across the

physical activity, sleep, and communication domains at time t. Unlike traditional point-
anomaly detection, which seeks to identify isolated outliers, our objective is to identify
sustained departures from a rolling baseline. We define a “drift day” as a day where the
observed behaviour significantly deviates from the established intra-individual distribution.
To capture the cumulative nature of these shifts, we introduce the drift-streak label, su

t . This
label is defined as
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su
t =

k, if day t is the k-th day of a contiguous drift episode,

0, if behaviour at day t is within baseline expectations,
(2)

We define su
t > 0 as the length of the current streak; we encode the temporal persistence

of the deviation directly into the target variable. This allows the model to differentiate
between a “one-off” disruption, for example, a single night of poor sleep, and a developing
trend, such as a week-long decay in sleep efficiency. The primary computational task is
to learn a mapping function F that predicts the state of behavioural drift based on recent
history. Given a look-back window of size ω, the goal is to learn:

F : (xu
t−ω+1, . . . , xu

t ) → su
t (3)

where F0 ingests the sequence of feature vectors over the preceding ω days and outputs
the drift-streak magnitude su

t for the current day t. This formulation enables the evalu-
ation of different architectural strategies, ranging from a memoryless Isolation Forest to
sequence-aware models such as LSTM, to assess their efficacy in mapping raw behavioural
patterns to sustained longitudinal drift. Modality-specific drift probabilities are subse-
quently combined at the decision level using a late-fusion rule, which is formally defined
and empirically evaluated in Section 4.3.

3.2. Dataset Description

For experimental purposes, we utilise the NetHealth dataset [45], a longitudinal
repository comprising Fitbit and smartphone-derived sensing data collected from a large
cohort of undergraduate students between Fall 2015 and Spring 2019 at the University of
Notre Dame. Recruitment was conducted in a three-tier strategy, as detailed in Table 2,
starting with an initial cohort of 698 participants in the first year. While 686 participants
remained active by the second year, the cohort experienced natural attrition due to non-
compliance and graduation, reducing to approximately 320 by the fourth year [45]. The
study was conducted under strict institutional IRB protocols, ensuring informed consent
and the de-identification of all participants via case codes. To provide environmental
context, the dataset includes an academic calendar containing semester dates, holidays,
and exam periods, which allow the approach to distinguish between academic-induced
stress and underlying behavioural drift.

Table 2. NetHealth dataset cohort dynamics: recruitment phases and longitudinal participant
retention over the four-year study period.

Longitudinal Retention Timeline Participants (n)

Year 1 2015–2016 698
Year 2 2016–2017 686
Year 3 2017–2018 ∼435
Year 4 2018–2019 ∼320

The approach uses three primary behavioural modalities to quantify drift. Physical
activity data were captured via wrist-worn Fitbit devices with Charge HR and Charge 2,
providing daily step counts and intensity minutes. These are used to derive Moderate-to-
Vigorous Physical Activity (MVPA) and sedentary duration, with data quality controlled
by a wear-compliance metric based on valid heart rate minutes. Sleep hygiene is similarly
derived from Fitbit logs, where individual sleep segments separated by less than 30 min
are merged into a primary daily episode. This provides granular metrics, including sleep
onset, waking time, efficiency, and Wake After Sleep Onset (WASO), serving as proxies for
circadian stability. Social and communication dynamics were monitored through a back-
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ground smartphone application. This application recorded over 60 million timestamped
events, including incoming and outgoing calls and SMS messages. These logs enable the
construction of daily interaction counts and social entropy, a measure of contact diversity
and social balance based on Shannon entropy [46].

Although the NetHealth dataset includes self-reported mental health assessments,
these labels are not used in this study, as our objective is to evaluate behavioural drift
detection using passive sensing data alone.

3.3. Data Processing Pipelines

To transform raw sensing logs into the structured feature vector xu
t defined in

Section 4, each modality underwent a rigorous preprocessing pipeline. All streams were
first validated against the official NetHealth codebooks for temporal consistency and iden-
tifier integrity. To ensure data fidelity, we excluded days with a compliance of device
wear-time below 80%, a threshold standard for avoiding spurious drift detections caused
by poor compliance [47].

3.3.1. Physical Activity Pipeline

The activity pipeline processes daily summaries of step counts and intensity. We
applied plausibility thresholds to remove sensor artefacts based on established Fitbit
validation studies [48,49]. Missing data were not imputed but were explicitly flagged.
In longitudinal monitoring, the absence of data can serve as a meaningful indicator of
behavioural disengagement rather than random sensor failure [50]. A participant-day is
considered valid for the activity modality if wearable device wear-time exceeds 80% of
daily minutes (≥1152 min). Daily activity features are computed only on valid days. Days
that do not meet the compliance threshold are excluded from downstream analysis. After
filtering, activity features exhibit low feature-level missingness (<1%), and participant-
days failing the compliance criterion are excluded from downstream analysis. Outliers
were identified using the Interquartile Range (IQR) rule—[Q1 − 1.5IQR, Q3 + 1.5IQR]. To
reduce dimensionality, we calculated MVPA as a health-relevant composite of fairly active
minutes and very active minutes [51].

3.3.2. Sleep Hygiene Pipeline

The sleep pipeline extracts nightly metrics (duration, onset, efficiency, and WASO). To
maintain temporal alignment, all sleep records were keyed to the “wake date.” We applied
standard sleep hygiene formulas to verify metric consistency:

Sleep Efficiency =
Total Sleep Time

Total Minutes In Bed
=

∥Sleep Period∥ − WASO
∥Sleep Period∥+ Latency

(4)

Records indicating a “Time in Bed” of less than 5 min or exceeding 24 h were removed
as erroneous.

3.3.3. Communication and Social Pipeline

Smartphone logs were aggregated at the daily per-user level, and days with no com-
munication activity were retained as valid observations. To quantify social diversity, we
calculated social entropy (Ht) based on the distribution of unique communication partners:

Ht = −
n

∑
i=1

pi log pi (5)

where pi represents the proportion of events with contact i on day t. This metric distin-
guishes between concentrated interactions with a single primary contact (low entropy)
and broad social engagement across a diverse network (high entropy) [39]. To distinguish
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between well-being-related drift and academic-induced stress, each participant-day was
merged with an academic calendar. We integrated binary flags for weekends and holidays,
alongside categorical variables for semester phases for example orientation, midterms and
finals. This allows the subsequent models to adjust for population-wide shifts in behaviour
during exam periods [52].

A summary of modality-level missingness and the number of excluded participant-
days for each modality is provided in Table 3.

Table 3. Modality-level valid-day criteria and missingness statistics.

Modality Valid-Day Criterion Feature Missing Rate (%)

Activity Wear time ≥ 80%
Steps 0.30
Floors 0.25

Activity minutes 0.55

Sleep Complete sleep episode Bed exit time 0.0006
Core sleep metrics 0.00

Communication Daily aggregation
Call duration 97.7

Message length 10.9
Media bytes 96.5

3.4. Machine Learning Architectures and Fusion Strategy

To address unsupervised behavioural drift detection across heterogeneous sensing
streams, we evaluate a set of complementary modelling approaches that serve distinct
analytical purposes rather than forming a single sequential pipeline. Specifically, we
employ a non-parametric statistical model, Isolation Forest, as a memoryless baseline,
and compare it against deep sequence architectures—1D-CNN and LSTM—that explicitly
model temporal dependencies using personalised sliding windows. These models are
trained and evaluated independently under a common data formulation to assess the
contribution of temporal memory. Only at the final stage are modality-specific LSTM
outputs combined via decision-level late fusion to produce an integrated drift signal.

3.4.1. Baseline Modelling: Isolation Forest

Following the rolling window feature transformation, we implemented an Isolation
Forest as a baseline for daily drift detection. Models were trained independently for each
participant to ensure that anomalies were defined relative to a person’s own historical
behaviour. The Isolation Forest was selected for its computational efficiency and its ability
to identify outliers in high-dimensional feature spaces without requiring labelled ground
truth, a critical requirement for digital phenotyping where labelled outcomes are often
sparse [53,54]. Although Isolation Forest is an unsupervised anomaly detector, we report
classification-style metrics by thresholding anomaly scores and comparing them against
proxy drift labels for retrospective evaluation only; no labels are used during model training.
As shown in Table 4, performance varies substantially across modalities.

Table 4. Test set performance of the unsupervised Isolation Forest across modalities. Classification-
style metrics are computed by thresholding anomaly scores and comparing them against proxy drift
labels for retrospective evaluation only.

Modality Accuracy Precision Recall ROC–AUC PR–AUC

Activity 0.829 0.614 0.476 0.789 0.561
Sleep 0.932 0.878 0.783 0.981 0.926
Communication 0.828 0.514 0.515 0.770 0.495
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The model assigns anomaly scores based on the path length required to isolate a given
observation, effectively flagging behavioural days that lie at the periphery of an individual’s
typical feature distribution. Importantly, the Isolation Forest operates in a memoryless
manner, treating each day independently and providing a statistical reference point for drift
detection. These per-day anomaly scores are interpreted as proxy indicators of behavioural
deviation and are used solely for comparative evaluation against sequence-aware models,
rather than as clinical or ground-truth labels.

3.4.2. Deep Sequence Architectures

While the Isolation Forest treats days as independent events, behavioural drift often
manifests as a sustained decay of routine. To capture these temporal motifs, we imple-
mented convolutional and recurrent neural networks.

The CNN architecture comprised two 1D convolutional layers with varied kernel
sizes {3, 5, 7} to capture multi-scale local motifs, such as sudden drops in communication
volume or bursts of sedentary activity. Each layer was followed by ReLU activation and
dropout for regularisation. A global average pooling layer was utilised to summarise the
temporal context before a dense sigmoid output layer. CNNs are particularly effective
for identifying stationary temporal patterns in behavioural time series while remaining
computationally more straightforward to train than fully recurrent architectures [13].

To model sequential dependencies within each sliding window, we implemented
a stacked LSTM network. The architecture comprised two LSTM layers with 64
and 32 hidden units, respectively. The first layer returned the full sequence of hid-
den states (return_sequences=True), while the second returned the final hidden state
(return_sequences=False). Batch normalisation and dropout (p = 0.3) were applied after
each recurrent layer. The recurrent stack was followed by a fully connected layer with
64 ReLU-activated units (dropout p = 0.3) and a final sigmoid-activated output layer for
binary drift prediction.

The model was trained using the Adam optimiser with binary cross-entropy loss and
evaluated using accuracy, precision, and recall. Class imbalance was addressed through
class-weighted loss. Training was regularised using early stopping (patience of five epochs),
learning rate reduction on plateau (factor 0.5, patience of three epochs), and model check-
pointing based on validation loss. Models were trained for a maximum of 50 epochs with a
batch size of 32. LSTMs are well-suited for capturing gradual behavioural change due to
their ability to retain information over extended temporal horizons [12].

3.4.3. Multimodal Fusion Strategy

A central challenge in multimodal learning is the integration of information from
disparate sources. In this paper, we adopted decision-level late fusion. This choice was
motivated by three technical considerations. First, it prevents the statistical noise of one
modality from distorting the signal of a stable modality. Second, it provides a robust
mechanism for handling missing data; if a participant forgets to wear their Fitbit, a drift
alert can still be reliably inferred from their smartphone entropy. Finally, late fusion ensures
interpretability, allowing clinicians to audit which specific behavioural domain activity,
sleep, or communication triggered a high-confidence alert. For each user-day, the modality-
specific models generated a drift probability. To synthesise these into a global alert, we
applied a Max-Fusion operator. This approach prioritises sensitivity by raising an alert if
any single modality strongly signals drift. This ensures that domain-specific behavioural
decay is not “suppressed” or averaged out by stability in other domains, a strategy aligned
with the requirements of early warning systems in clinical health.
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4. Experiments and Results
This section details the empirical evaluation of the behavioural drift detection ap-

proach across three distinct experiments. All computational tasks were performed in a
Python 3.13 environment using an Anaconda distribution. While primary activity and sleep
processing occurred on a standard workstation (16 GB of RAM), the high-velocity smart-
phone communication logs exceeding 60 million records necessitated a dedicated secondary
machine to handle the significant I/O and processing load required for feature engineering.

To ensure a unified analysis, all raw sensing streams were temporally aligned into a
consistent daily representation. Fitbit-derived metrics and smartphone event logs were
summarised into daily indices of volume, diversity (Shannon entropy), and quality. Quality
control was enforced by excluding days with wearable compliance below 80% to prevent
the detection of spurious anomalies. Missing data were not discarded but were explicitly
flagged, under the assumption that a lack of sensor activity may represent behavioural
disengagement rather than a technical failure.

We conducted a series of experiments based on the analysis of behavioural constructs
(Experiment I), followed by an assessment of temporal look-back windows on baseline sta-
bility (Experiment II). The final evaluation (Experiment III) benchmarks statistical and deep
learning models to determine the efficacy of multimodal fusion in identifying sustained
behavioural drift.

4.1. Experimemnt I: Exploratory Data Analysis and Feature Selection

We conducted an Exploratory Data Analysis to establish the latent structure of the
multimodal dataset and identify redundant behavioural constructs. This step is critical to
ensure that subsequent deep learning models are not biased by multicollinearity or high-
dimensional noise. The analysis of physical activity and sleep metrics revealed significant
feature overlap. As shown in the activity correlation matrix in Figure 2, several feature
pairs exhibited high collinearity, particularly between intensity categories and caloric
expenditure. Similarly, the sleep domain analysis, as depicted in Figure 3a, demonstrated
that Time in Bed and Total Sleep Time were nearly identical in their variance (r = 0.96),
while Wake After Sleep Onset (WASO) and Sleep Efficiency showed a strong inverse
relationship (r = −0.89).

Figure 2. Correlation matrix of physical activity features, identifying overlapping constructs in
movement intensity and energy expenditure.
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(a) (b)

Figure 3. Pairwise correlation and PCA for sleep data to identify redundant features: (a) Correlation
Matrix (b) PCA Variance Plot.

To quantify this redundancy, Principal Component Analysis (PCA) was applied. The
results for sleep, visualised in Figure 3b, confirmed that just two components account for
80% of the domain’s variance, while the first four activity components explain 75% of
total variance.

Following the identification of redundant features, we utilised ANOVA F-scores to
rank the discriminative power of the remaining behavioural predictors across all modalities.
As illustrated in Figure 4, this univariate analysis highlighted the features most sensitive to
state changes, such as sedentary minutes in activity, sleep efficiency, and contact entropy
in communication. Based on the combined insights from the correlation matrices, PCA,
and F-score rankings, we executed a feature reduction step, removing highly collinear
variables like veryactiveminutes and peakcal. This reduction ensures a parsimonious input
for the LSTM and CNN architectures, focusing the models on independent dimensions like
circadian stability and general activity load.

The social interaction logs revealed a diverse range of social phenotypes within the
student cohort. The distribution of Daily Contact Entropy (Figure 5) indicates a broad peak
between 1.0 and 3.5, suggesting moderate contact diversity daily. However, a significant
density of user-days is clustered at low entropy levels, reflecting days dominated by
communication with only one or two primary contacts. The relationship between social
volume and diversity is non-linear; as illustrated in Figure 6, contact entropy increases with
communication events until a saturation point (∼1000 events), suggesting a “social ceiling”
regarding the active ties students can maintain daily.

Furthermore, temporal trend analysis (Figure 7) reveals distinct social behaviours:
User 51,495 maintains consistently high entropy and event volume, indicating broad
and regular social engagement. In contrast, User 90,905 exhibits long periods of social
withdrawal (low entropy) punctuated by sudden, transient spikes in interaction. These
distinct profiles underscore the necessity of the personalised baseline approach defined in
our methodology, as a “normal” social day for one user may represent a significant “drift”
for another.
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(a) (b)

(c)

Figure 4. ANOVA F-score top-ranked predictors for each modality: (a) Activity data; (b) sleep data;
(c) communication data.

Figure 5. Distribution of Daily Contact Entropy across the student cohort.
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Figure 6. Relationship between daily communication volume and contact entropy.

Figure 7. Temporal social trends for two sample users, illustrating high-diversity versus withdrawal-
spike phenotypes.

4.2. Experiment II: Temporal Sensitivity Analysis

This experiment evaluates the impact of the look-back window parameter
ω ∈ {7, 14, 21, 28} on the stability and discriminative power of the drift detection ap-
proach. The choice of ω determines the temporal resolution of the individual baseline.
To maintain a scale-invariant comparison across heterogeneous features, for example,
steps vs. minutes of sleep, we transformed raw observations into rolling z-scores.

4.2.1. Dynamic Standardisation and Composite Scoring

For each user u, day t, and feature f , the observation xu,t, f was standardised relative
to its local historical distribution:

zu,t, f =
xu,t, f − µu,t, f (ω)

σu,t, f (ω)
(6)

where µu,t, f (ω) and σu,t, f (ω) represent the rolling mean and standard deviation, respec-
tively, over the preceding ω days. To capture the magnitude of deviation irrespective of
its direction (e.g., both hypersomnia and insomnia), we utilised the absolute z-score. To
synthesise these signals into a single indicator per modality, we calculated a daily composite
drift score Su,t:
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Su,t = ∑
f∈F

|zu,t, f | (7)

4.2.2. Drift-Streak Identification and Window Impact

The approach identifies a “drift day” when the composite score Su,t exceeds a
participant-specific quantile threshold. However, to distinguish sustained behavioural
shifts from stochastic noise, we introduced a streak detection mechanism. A drift episode
is defined as a contiguous sequence of k drift days:

E = dt, dt+1, . . . , dt+k | Su,i > τu, ∀i ∈ [t, t + k] (8)

where τu is the individual threshold. As shown in Table 5, the choice of the rolling window
size ω significantly influences the morphology and frequency of these episodes, revealing
a critical sensitivity-stability trade-off. Short windows of ω = 7 yielded the highest
frequency of episodes (n = 367 for communication) but were susceptible to “flickering,”
a phenomenon where a single day of baseline recovery prematurely terminates a valid
drift streak. Conversely, longer windows of ω = 28 produced the most stable episodes
but introduced a “lag effect.” In this scenario, the moving average µ(ω) slowly absorbs
the shifted behaviour into the baseline, eventually causing the z-score to return to zero
even if the behaviour remains fundamentally altered. Consequently, a 14-day window
was identified as optimal for this population, as it spans two full weekend-weekday cycles
to filter out cyclic routine variance while remaining responsive to sustained behavioural
decay. This threshold was selected to reflect clinically informed notions of persistence
rather than short-term behavioural variability. In clinical psychiatry, the DSM-5 diagnostic
criteria for Major Depressive Disorder require symptoms to persist for a minimum duration
of two weeks to be considered clinically significant. Although the proposed approach
is not intended as a diagnostic tool, adopting a 14-day persistence threshold provides
an interpretable and principled basis for distinguishing sustained behavioural drift from
transient anomalies.

We also examined alternative values of k (7, 21 and 28 days) and observed qualitatively
similar trends in Table 5.

Table 5. Drift streak episodes across rolling window sizes and modalities.

Modality Window (Days) Episodes Detected Drift Days Flagged/Valid Days

Activity

7 225 54,936/274,679
14 234 54,936/274,679
21 221 54,936/274,679
28 215 54,936/274,679

Sleep

7 232 59,472/297,357
14 222 59,472/297,357
21 226 59,472/297,357
28 241 59,472/297,357

Communication

7 367 92,480/471,110
14 363 92,832/471,110
21 364 93,000/471,110
28 357 93,116/471,110

The 14-day window was identified as the optimal configuration for student popula-
tions, as it spans two full weekend-weekday cycles. This provides a sufficiently robust
reference to filter out weekly routine variances while remaining responsive to the be-
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havioural “decay” patterns visualised in the sample user trajectory in Figure 8. The streak
logic ensures that the approach ignores isolated spikes, such as a single late-night party,
but flags the third or fourth consecutive day of social withdrawal as a high-confidence
drift episode.

Figure 8. Sample drift streak score for a sample user for sleep data.

4.3. Experiment III: Multimodal Fusion and Model Performance Analysis

Experiment III evaluates the predictive performance and cross-modal complementarity
of the proposed approach. By comparing a non-parametric baseline with deep sequence
architectures, we quantify the value of temporal memory in drift detection. This analysis
culminates in a late-fusion strategy that synthesises heterogeneous behavioural streams
into a unified individual-level alert.

As part of this, we performed an initial benchmarking using the Isolation Forest
algorithm, which provides a non-parametric assessment of daily drift. By modelling users
independently with a 70/15/15 split for training, validation, and testing, the algorithm
identifies anomalies based on their isolation in the feature space. To ensure comparability
across diverse behavioural profiles, we applied per-user calibration mapping raw anomaly
scores derived via the score_samples function to probability-like scores, where the median
represents baseline behaviour, and the 95th percentile anchors extreme deviations. As
detailed in Table 4, the Isolation Forest proved most effective in the sleep domain, achieving
an accuracy of 0.932 and an ROC AUC of 0.981. However, its performance on activity and
communication was more conservative, with PR-AUC scores of 0.561 and 0.495, respectively.
These results highlight a fundamental limitation of static anomaly detectors: they treat each
day as an independent event, frequently failing to capture the cumulative temporal decay
characteristic of behavioural drift.

To address the temporal limitations of the statistical baseline, we implemented 1D-
CNN and LSTM architectures. These models transform daily records into fixed-length
windows, using an 80/20 stratified split to preserve class balance and prevent target leak-
age. We adopt this window-level stratified split intentionally to evaluate within-participant
behavioural drift detection. While sliding windows may result in temporally adjacent
samples from the same participant appearing in both training and test sets, this design
reflects the intended deployment scenario, in which historical data from an individual
is used to detect subsequent deviations in their own behaviour. Accordingly, the evalu-
ation focuses on learning personalised temporal dynamics rather than cross-participant
generalisation. Class weights were dynamically computed to handle the inherent sparsity
of drift labels. The comparative results in Table 6 demonstrate that sequence modelling
significantly improves detection sensitivity across all modalities.

In the activity domain, the LSTM achieved the highest ranking performance, with a
PR-AUC of 0.703, a substantial improvement over the Isolation Forest’s 0.561. Similarly,
the LSTM’s ability to model long-range dependencies provided the most balanced metrics
in the communication domain, yielding an ROC-AUC of 0.844. Across all modalities, while
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the CNN was adept at identifying short-term motifs, the LSTM was consistently superior in
detecting gradual, longitudinal shifts. Consequently, the LSTM was selected as the primary
input for the multimodal fusion layer.

Table 6. Test-set performance comparison of CNN and LSTM models across activity, sleep, and
communication modalities.

Modality Model Accuracy Precision Recall ROC–AUC PR–AUC

Activity CNN 0.814 0.535 0.726 0.857 0.690
LSTM 0.806 0.520 0.759 0.867 0.703

Sleep CNN 0.852 0.610 0.772 0.896 0.797
LSTM 0.868 0.655 0.753 0.915 0.813

Communication CNN 0.755 0.435 0.753 0.831 0.578
LSTM 0.771 0.457 0.747 0.844 0.606

Multimodal Late Fusion and Complementarity

The decision-level late fusion was executed by aligning the modality-specific LSTM
probabilities for each participant-day. Prior to fusion, we assessed the Pearson correlation
between sensing streams. The results revealed near-zero correlations between activity,
sleep, and communication (r ≈ 0.01), statistically confirming that drift in one domain rarely
overlaps immediately with another. This cross-modal independence validates our use of a
Max-Fusion rule:

Pfused(t) = max
{

Pactivity(t), Psleep(t), Pcommunication(t)
}

, (9)

By adopting this operator, the system ensures that a significant drift signal in any single
modality is preserved rather than averaged out. As demonstrated in the Confusion Matrix
(Figure 9), this strategy optimises the detector for sensitivity, which is vital for clinical early
warning systems. Different fusion rules correspond to different operating points along the
precision–recall trade-off, and the choice of Max-Fusion reflects a deliberate bias towards
sensitivity appropriate for early-warning settings rather than a claim of universal optimality.
The fused model achieved a high recall of 0.871 and a PR-AUC of 0.836, indicating a robust
ability to flag true drift days across diverse student behaviours.

The qualitative advantage of this fusion is visualised in Figure 10, where the aggregate
drift score provides a smoothed, interpretable trajectory. The fused score consistently rises
during periods of high disruption, even when individual modalities provide fluctuating
signals. This provides a robust individual-level “wellbeing trajectory” that accounts for the
weak association between sensing streams while leveraging their collective predictive power.

The global effectiveness of the fused approach is summarised in Table 7, which aggre-
gates the longitudinal performance across the entire test cohort. The system achieved a
recall of 0.871, a critical result for behavioural health applications where the cost of a “false
negative” (failing to detect a burgeoning crisis) significantly outweighs the cost of a false
alarm. This high sensitivity ensures that the “Max-Fusion” logic successfully captures drift
episodes, even when they are manifest in only a single behavioural domain. While the
accuracy (0.700) and precision (0.630) reflect the inherent noise and “class imbalance” of
real-world sensing data, the ranking metrics provide a more robust picture of the model’s
reliability. The ROC-AUC of 0.831 and PR-AUC of 0.836 indicate that the model maintains
a strong discriminatory boundary between stable and drifting states. Specifically, the high
PR-AUC confirms that the model’s “Top-K” drift alerts are highly likely to be true positives,
making it a viable tool for prioritising which students might require a wellness check-in
from university support services.
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Figure 9. Late Fusion Confusion Matrix, demonstrating high sensitivity to behavioural drift events.

Figure 10. Longitudinal trajectory of the multimodal fused drift score for a representative participant.
The fused signal (red line) integrates independent evidence from activity, sleep, and communication
streams to identify sustained drift episodes relative to the 0.5 decision threshold.

Table 7. Global performance metrics for the decision level Late Fusion.

Metric Accuracy Precision Recall ROC–AUC PR–AUC

Value 0.700 0.630 0.871 0.831 0.836

Ultimately, these metrics demonstrate that by leveraging the weakly correlated nature
of activity, sleep, and social data (r ≈ 0.01), the approach achieves a level of robustness that
single-modality systems cannot. The high recall suggests that the “drift-streak” logic, com-
bined with LSTM temporal memory, effectively filters out the stochastic “noise” of student
life while remaining highly attuned to the sustained behavioural decay that characterises
shifts in mental wellbeing.

5. Discussion
Although this study focuses on a student population, the proposed approach does

not rely on population-level norms or demographic-specific features. Instead, it models
behavioural drift relative to personalised, rolling baselines constructed on a per-user
basis. As such, the same approach can be applied to other age groups or clinical cohorts,
provided sufficient longitudinal passive sensing data are available. Because behavioural
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drift is assessed relative to individual historical patterns rather than fixed schedules, it
is expected to accommodate diverse life rhythms; however, empirical validation beyond
student populations remains essential. The results demonstrate that adaptive, user-specific
baselines, when integrated with deep temporal modelling and decision-level fusion, can
robustly identify both transient anomalies and sustained behavioural shifts without the
need for labelled outcomes. These findings align with and extend the current consensus in
digital phenotyping, which emphasises that individualised reference frames and temporal
continuity are paramount for meaningful behavioural monitoring in ecological settings.

5.1. Personalised Baselines and Temporal Sensitivity

A central pillar of the proposed approach is the hypothesis that behavioural change
must be evaluated relative to an individual’s historical patterns rather than population-
level norms. By operationalising this through rolling statistical windows, we allowed
behavioural baselines to update dynamically. The stability of drift detection across multiple
window lengths (ω ∈ {7, 14, 21, 28}) suggests a robust methodology that is not overly
sensitive to specific temporal configurations. This consistency supports prior research
indicating that medium-term baselines are sufficient to capture meaningful deviations in
student populations without the overhead of exhaustive labelling [26,28]. Furthermore,
the identification of contiguous “drift streaks” represents a significant methodological
shift from standard anomaly detection. Visual inspection of these trajectories, for example,
in Figure 8, indicates that the approach successfully separates isolated stochastic noise
common in a university environment from prolonged episodes of behavioural decay. This
distinction is critical, as sustained clusters of anomalies have been shown to be far more
predictive of clinical deterioration than single-day spikes [29].

5.2. The Value of Sequential Memory in Deep Modelling

Our comparison between static and sequence-based models confirmed the hypothesis
that the latter are superior for capturing the gradual, cumulative nature of behavioural
change. While the Isolation Forest provided a conservative and stable statistical baseline,
the 1D-CNN and LSTM architectures consistently improved recall and ranking perfor-
mance (PR-AUC) across all modalities. The superior performance of LSTMs specifically
supports the observation that behavioural “drift” rarely manifests as an abrupt event;
instead, it unfolds as a multi-day decay of routine. This finding is particularly relevant
for preventative mental health monitoring, where the ability to detect subtle, long-range
temporal dependencies in activity or sleep may allow for intervention before a behavioural
shift reaches a crisis threshold. The results reinforce the growing consensus in the field that
temporal continuity is not merely a feature but a requirement for high-fidelity behaviour
change detection [12,13].

5.3. Modality Independence and the Rationale for Max-Fusion

The investigation into multimodal integration revealed a striking lack of correlation
between drift signals across activity, sleep, and communication (r ≈ 0.01). This statis-
tical independence is one of the most compelling findings of the study, indicating that
each modality serves as a distinct, non-redundant sensor for specific behavioural phe-
notypes. Such modality independence has been suggested in prior literature, in which
different physiological and social streams respond to stressors in complementary, rather
than synchronous, ways [31,52]. Given this lack of cross-modal association, our choice
of decision-level Max-Fusion proved technically and clinically sound. By prioritising the
strongest evidence of drift from any single modality, we achieved a high recall (0.871),
ensuring that significant disengagement in one domain is not suppressed by stability in oth-
ers. This approach provides a clear path to interpretability; the fused trajectory (Figure 10)
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allows practitioners to trace a global “wellbeing alert” back to its source modality, be it
a collapse in social entropy or a shift in physical MVPA, enabling targeted rather than
generalised interventions.

5.4. Contextualising Performance in Real-World Deployment

While the proposed work demonstrates a strong ranking performance of PR-AUC of
0.836, the precision (0.630) acknowledges the inherent difficulty of differentiating between
pathological drift and benign lifestyle shifts. Inspection of modality-specific errors provides
insight into these performance differences. Sleep achieves the strongest performance due
to its circadian regularity and relatively low day-to-day variance; false positives in this
modality often correspond to short-term schedule disruptions such as examination periods,
travel, or late-night deadlines that do not persist as sustained behavioural drift, while false
negatives tend to occur when gradual shifts in sleep timing remain within adaptive baseline
thresholds. In contrast, communication behaviour is inherently sparse and episodic, leading
to greater noise. False positives frequently arise from brief bursts of social activity, whereas
false negatives occur when disengagement unfolds slowly or is masked by an already low
baseline of interaction. Activity-related errors typically lie between these extremes, with
transient workload or exercise changes occasionally producing false alarms. In practical
deployments, alert thresholds can be adaptively calibrated to individual risk tolerance
and contextual constraints, enabling precision to be increased once candidate drift periods
have been prioritised. However, in the context of university counselling and early warning
systems, the cost of a false negative far outweighs that of a false positive. By providing a
consistent and reliable ordering of days by drift likelihood, this approach serves as a viable
decision-support tool, helping wellness services prioritise students whose behavioural
signatures deviate most significantly from their established norms.

5.5. Limitations

This study presented a methodological exploration of personalised, multimodal drift
detection using multimodal wearable and smartphone data. However, several limita-
tions must be acknowledged. A key limitation of this study is the absence of clinical or
psychological ground-truth labels, such as validated mental health assessments. Conse-
quently, detected behavioural drift cannot be interpreted as evidence of mental health
decline. Accordingly, reported performance metrics should be interpreted as consistent
with behavioural deviation heuristics rather than validation against clinical outcomes. The
proposed approach is not intended as a diagnostic tool but rather as an early warning
mechanism that identifies sustained statistical deviations in passively sensed behaviour
that may warrant further attention. The evaluation relied on proxy drift labels generated
from rolling-window baselines rather than externally validated annotations. This is a com-
mon constraint in unsupervised behavioural sensing [26,28], and it allowed a systematic
comparison of modelling approaches. However, it also introduces a degree of circularity, as
performance metrics primarily reflect consistency with statistical heuristics rather than true
behavioural or clinical outcomes. Second, the dataset was drawn from a single university
student population, whose daily routines are structured by the academic calendar. As a
result, it limits the generalisability of findings to other populations, such as older adults,
working professionals, or patients in clinical care. Third, for reasons of comparability, all
modalities were aggregated to the day level. This simplification enabled alignment across
activity, sleep, and communication but removed finer-grained dynamics that may precede
behavioural change. Finally, the models do not yet explain why change occurs. Moreover,
the analysis was retrospective, meaning that questions of real-time scalability, robustness
to missing data, and ethical deployment remain open.
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6. Conclusions
This study has successfully demonstrated that a personalised, multimodal approach

can effectively identify behavioural drift within a university student cohort using passive
sensing data from wearables and smartphones. By shifting the focus from population-level
anomalies to individual-level “drift-streaks,” we have shown that a temporal context mod-
elled through user-specific rolling baselines and deep sequential architectures is essential
for capturing the gradual decay of behavioural routines. Our experimental results, which
compared static Isolation Forest baselines with deep 1D-CNN and LSTM architectures,
highlight that sequence-based models are significantly more capable of modelling the
cumulative nature of behavioural change. Specifically, the high sensitivity achieved by
the late-fusion LSTM model, which reached a recall of 0.871, underscores the potential of
this approach to act as a robust decision-support tool. This high performance is driven by
the approach’s ability to leverage the striking lack of correlation between drift signals in
activity, sleep, and communication, proving that behavioural disengagement is a sparse,
cross-domain phenomenon that requires multimodal integration to be fully captured.

Ultimately, this research provides a scalable, unsupervised methodology for longitudi-
nal monitoring in environments where labelled clinical outcomes are scarce. By adopting a
“Max-Fusion” strategy, the system remains interpretable and actionable, allowing practition-
ers to trace global alerts back to specific behavioural domains. This provides a transparent
“wellbeing trajectory” that respects individual baseline variations while maintaining the
sensitivity required for early warning applications. As digital phenotyping moves towards
real-time clinical integration, the “drift-streak” concept offers a promising bridge between
raw sensor data and the identification of meaningful psychological or lifestyle shifts. While
the proposed approach demonstrates scalable behavioural drift detection under realistic
data constraints, its translation into real-time clinical workflows will require prospective
feasibility studies and close collaboration with mental health services.

Future work will incorporate self-report measures and clinically validated assess-
ments to enable quantitative validation of detected behavioural drift against meaningful
behavioural or health-related outcomes. Although the proposed approach is designed
to be population-agnostic, its generalisability should be evaluated using more diverse
demographic groups and clinical cohorts with comparable passive sensing data.

There is also significant potential in adopting routine-aware modelling through process
mining and conformance checking, which would allow for a more granular understanding
of how daily event logs deviate from established structures. Furthermore, the development
of multi-scale temporal models using finer-grained, sub-daily features could enhance the
approach’s ability to detect micro-patterns that anticipate broader drift episodes. Technical
advancements such as GRU-D architectures or attention-based fusion mechanisms should
be explored to improve robustness against missing data and irregular sampling. Finally,
ensuring the ethical deployment of these systems through federated learning and improved
model interpretability will be essential for fostering trust among clinicians and end-users
in sensitive health contexts.
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