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Health time series (HTS) provide a fundamental representation of dynamic health processes, spanning organ-level physiological
signals, patient-level clinical trajectories, and population-level epidemic dynamics. Despite their shared temporal nature, existing
surveys often study these categories separately, leaving their methodological connections underdeveloped. In this survey, we provide
a unified review of deep learning for HTS, organized around a scarcity-driven methodological development trajectory. Specifically,
we examine how label scarcity motivates task-specific supervised learning with domain-aware temporal modeling; how sample
scarcity motivates foundation model development and generative augmentation; and how information scarcity motivates multi-modal
learning by incorporating complementary clinical information. Finally, we summarize representative healthcare applications and
open research directions. By connecting data categories, scarcity challenges, and methodological paradigms, this survey provides a

structured roadmap for understanding and developing deep learning methods for HTS.

Additional Key Words and Phrases: Temporal Data Mining, Healthcare Al, Health Time Series, Deep Learning, Foundation Models,
Generative Models, Multi-modal Learning, Physiological Signals, Clinical Records, Epidemic Dynamics

1 Introduction

Recent advances in deep learning and artificial intelligence (AI) have revolutionized healthcare systems in multiple
aspects. Bio-sequence models [2, 21] have accelerated drug discovery; Electronic Health Records (EHR) models [194] and
medical imaging models [156, 160] have improved disease diagnosis. However, many healthcare problems cannot be fully
captured by static observations alone. Health processes unfold over time, from organ-level physiological signals [126] to
patient-level clinical records [122] and population-level epidemic dynamics [116]. Health time series (HTS) capture
this temporal layer across three scales and are becoming a central component of the healthcare Al landscape.

While physiological signals, clinical records, and epidemic dynamics are typically studied by separate research
communities, they confront three structurally common forms of scarcity that shape the deep learning methodology
across these domains. First, label scarcity arises because high-quality expert annotations or clinical outcomes are
expensive, delayed, or noisy. This scarcity motivates task-specific supervised methods that use domain-aware temporal
modeling to compensate for limited labels, such as physiological morphology [266], frequency patterns [49], irregular
clinical observations [283], and spatially coupled epidemic dynamics [239]. Second, sample scarcity arises because
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large-scale health datasets are difficult to collect, share, and harmonize, especially for rare diseases, uncommon clinical
events, and newly emerging epidemics [80, 125]. Such limitations make it difficult to train robust models from scratch
in each target setting, thereby motivating methods that reuse or expand limited data, including foundation model
pre-training, adaptation, and generative augmentation to improve cross-domain generalization. Third, information
scarcity arises because a time series alone often provides only a partial view of the underlying health state [16, 55, 203].
This scarcity motivates multi-modal learning methods that incorporate complementary information such as clinical
notes, demographic variables, spatial context, and other non-temporal knowledge. These challenges jointly shape a
methodological trajectory in which each paradigm addresses a specific bottleneck.

Existing HTS surveys, as summarized in Table 2 in Section 7, have mainly been organized around specific data sources,
application scenarios, or methodological families. Some surveys focus on particular types of health-related temporal
data, such as physiological signals [6, 171], clinical record trajectories [7, 166, 223, 264], and epidemic surveillance
data [149, 201]. Others focus on specific healthcare applications, such as emotion recognition [98, 184], anomaly
detection [271], and epidemic outbreak detection and forecasting [15, 209]. Another line of surveys examines particular
methodological directions, including self-supervised learning, contrastive learning [145, 259], few-shot learning [125],
foundation models [77], large language models (LLMs) [144], and generative models [150]. Despite these valuable
efforts, existing surveys remain fragmented in scope. Most of them examine HTS from a single perspective, making
it difficult to compare recurring modeling challenges across HTS types or identify transferable ideas across research
communities. Thus, a unified view is needed to reveal both the shared modeling strategies of HTS and the natural
methodological development trajectory through which the field has responded to diverse scarcity challenges.

To address this fragmentation, we present, to the best of our knowledge, the first unified survey of deep learning for
HTS, organized around a scarcity-driven methodological trajectory across physiological, clinical records, and epidemic
HTS categories. Instead of reviewing the field separately by data type, application, or model family, we use label scarcity,
sample scarcity, and information scarcity as the main spine to connect methodological developments across HTS. This
perspective highlights how methods developed for one HTS may inspire solutions for another, while also clarifying
the domain-specific adaptations required by different observational levels. Concretely, our contributions are: (i) a
fine-grained taxonomy of HTS across three data categories and three core task families (diagnosis, prognosis, decision
support); (ii) a unified three-scarcity analysis linking scarcity conditions to the modeling requirements of different HTS
categories; and (iii) a unified methodological review that connects task-specific supervised learning, foundation-model
(pre-training, adaptation, generative data synthesis), and multi-modal learning into a single development trajectory
instead of three disconnected literatures.

The remainder of the survey is organized as follows. Section 2 introduces the taxonomy of HTS, including data
categories, key task formulations, basic deep learning models for time series modeling, and detailed illustrations of
the main challenges. Section 3 reviews task-specific supervised methods for HTS, highlighting how domain-specific
temporal units are modeled and how shared temporal representation learning strategies are adapted across HTS.
Section 4 reviews foundation models for HTS from a unified perspective, including pre-training, transfer adaptation,
and the use of generative models to compensate sample scarcity. Section 5 reviews multi-modal learning methods that
incorporate complementary information beyond temporal signals for context enrichment, and what specific modality
information is utilized for each HTS category. Section 6 further discusses representative applications in these different
data categories. Section 7 summarizes our survey construction process, including paper collection, filtering, and selection

criteria. Section 8 discusses open challenges and future research directions. Finally, Section 9 concludes the survey.
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Fig. 1. Three scarcity challenges for HTS modeling and the induced learning paradigms.

2 Background
2.1 Health Time Series

A time series is a temporally ordered sequence of observations that records how one or more variables evolve over

N
i=1°

time. Formally, it can be represented as X = {(t;, x;)})¥,, where t; denotes the observation time, x; € R? denotes a
d-dimensional observation recorded at that time, and N is the number of observations. In regularly sampled settings,
this reduces to the compact form X = {xt}tT:1 € RT*4 where each index t corresponds to a fixed sampling interval. In
healthcare, such sequences may describe physiological processes, patient health states, clinical care trajectories, or
population-level health dynamics, arising from settings such as wearable and bedside monitoring, structured EHR, and
epidemic surveillance. Compared with generic time series, HTS are often noisy, partially observed, irregularly sampled,
and heterogeneous across individuals, devices, institutions, and environments, while labels may be limited, delayed, or

imperfect, and prediction errors may carry clinical or public-health consequences.

2.2 Data Categories

We group HTS data into three broad categories based on the level at which temporal observations are collected:
physiological time series (PhyTS), clinical record time series (CRTS), and epidemic time series (EpiTS). Specifically, PhyTS
describes organ-level biological activity, CRTS describes patient-level health states, and EpiTS describes population-level
infectious disease dynamics. They typically exhibit distinct properties and hence require different modeling choices.
PhyTS. They are temporally ordered bio-signals that reflect the states of organisms over time, usually collected as raw
or minimally processed signals by wearable sensors, diagnostic devices, or continuous monitoring systems [208, 238, 247].
Examples include ECG, EEG, PPG, EMG, EOG, and other continuous monitoring signals. In this category, each timestamp
usually corresponds to a direct signal measurement, and much of the useful information lies in waveform morphology,
oscillatory structure, and multi-scale temporal patterns [102, 252]. As a result, PhyTS are often characterized by high
temporal resolution, strong local continuity, and rich short-range dynamics. From a data perspective, PhyTS often
provide abundant raw recordings, but high-quality annotations remain much more limited [76, 145]. However, since
these signals are frequently collected through wearable or non-invasive sensing devices, any motion artifacts or
environmental interference can lead to measurement noise [16, 188, 297]. Their modeling is further complicated by

cross-device discrepancies and inter-subject biological variability [59, 259, 299].
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CRTS. They consist of temporally ordered patient-level records collected during clinical care to characterize patient
states, disease progression, and care processes. Unlike PhyTS, which often reies on raw or high-resolution bio-signals,
CRTS are constructed from structured clinical variables and care events documented in electronic health records or
bedside charting systems. These include vital signs summaries, laboratory tests, medications, procedures, interventions,
clinical scores, and other observations documented during hospitalization or follow-up care [95, 187]. These records
are typically collected only when patients visit hospitals or undergo examinations, resulting in irregularly timed and
incompletely observed patient trajectories [146, 218, 225, 286]. Together with heterogeneous variable types, privacy
restrictions, and delayed or noisy outcome labels, these properties make CRTS challenging to model [258, 269].

EpiTS. They are population-level HTS that capture the temporal dynamics of infectious diseases across regions,
communities, or entire populations. Each timestamped observation usually represents an aggregated regional indicator
over a reporting period rather than an individual-level signal or event [54]. Typical examples include epidemic case
counts, mortality trends, influenza-like illness rates, and surveillance indicators reported daily or weekly across
locations [196]. These series are often coarse in temporal resolution and are strongly influenced by seasonality,
policy shifts, reporting practices, mobility, and other exogenous factors, leading to substantial non-stationarity [116].
Furthermore, the amount of historical data is usually limited, especially for emerging outbreaks or newly identified
diseases. The target variables to be predicted are often noisy, as reports can be delayed, later corrected, under-reported,
or defined differently over time [17, 222, 235].

2.3 Core Task Formulations

Although the tasks for different HTS vary in their specific application contexts, they share common modeling objectives.
We therefore organize HTS tasks into three broad categories: (a) Diagnosis, which infers the current health state
from observed temporal evidence; (b) Prognosis, which predicts future outcomes, risks, or trajectories from historical
observations; and (c) Decision Support, which evaluates, recommends, or optimizes actions that benefit healthcare.
We provide a detailed description of each category below, and review detailed applications in Section 6.

Diagnosis. It aims to estimate the current health state represented by an observed time series window. Its concrete
meaning varies across data categories: in PhyTS, it often involves identifying abnormal signal patterns or physiological
states, such as arrhythmia diagnosis and sleep stage classification [80, 120]; in CRTS, it focuses on recognizing patient
states from longitudinal clinical observations, such as acute care phenotyping and disease classification [41, 194, 218];
and in EpiTS, it corresponds to epidemic surveillance, where models track the current epidemic status and detect
outbreak signals [57]. Across these scenarios, diagnostic tasks can be further categorized according to the structure
of the target labels: (i) multi-class diagnosis, which distinguishes among mutually exclusive conditions or disease
categories [80, 252]; (ii) multi-label diagnosis, which infers multiple co-occurring conditions simultaneously [218, 295];
and (iii) sequential diagnosis, which predicts diagnostic states for consecutive temporal segments [120, 167].

Prognosis. It aims to predict future health outcomes, risks, or trajectories based on historical time series data. In
PhyTS it often involves predicting future physiological risks or signal trajectories, such as cardiovascular risk prediction
and blood pressure prediction [16, 290]; in CRTS, it focuses on forecasting patient outcomes from longitudinal clinical
observations, such as mortality prediction and survival analysis [202, 255]; and in EpiTS, it corresponds to epidemic
forecasting, where models predict future epidemic trends [148, 239]. Across these scenarios, prognostic tasks can also be
categorized into three types: (i) Event risk prediction, which estimates the probability of a future adverse event [16, 193];
(ii) Trajectory forecasting, which predicts the future temporal evolution of physiological, clinical, or epidemiological

variables [239, 261]; and (iii) Time-to-event prediction, which estimates when a future event may occur [255].
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Decision Support. It aims to support health decision processes by reasoning over observed time series and evaluating
or recommending possible interventions. In PhyTS, it involves physiological reasoning that assists users in understanding
bio-signals collected from monitoring devices [66, 162]; in CRTS, it focuses on longitudinal clinical reasoning and
decision support [46]; and in EpiTS, it corresponds to public health policy support, such as intervention evaluation
and contact tracing [67, 97, 219]. According to the modeling objective, this task can be further categorized into: (i)
Policy learning, which directly optimizes action strategies, often through reinforcement learning [67, 219]; (ii) Causal
reasoning, which estimates the potential effects of interventions or policies [97]; and (iii) Language-based temporal
Q&A, which uses Large Language Models (LLMs) to summarize temporal evidence and answer user questions [256].

Compared to diagnosis and prognosis, this category remains less mature in HTS applications.

2.4 Deep Neural Architectures for Time Series Modeling

Deep learning models for HTS often require a temporal encoder that transforms raw temporal observations into
latent representations. Despite their distinct temporal structures, PhyTS, CRTS, and EpiTS are often modeled by
similar encoder families. Given a HTS X = {(t;, xi)}fi ,» a temporal encoder learns a mapping H = fp(X), where
H= {hi}fi , denotes time-indexed hidden representations, which are then used for diverse tasks with some adaptation
modules. Different architecture families instantiate fy with different inductive biases. Feed-forward and MLP-style
modules perform temporal, variable-wise, or patch-wise mixing through stacked nonlinear transformations [178, 241],
providing efficient representation learning when observations can be arranged into fixed-length inputs. Recurrent
models construct representations through sequential state transitions, making the hidden state explicitly dependent
on the order of observations and enabling extensions that incorporate elapsed time, masking, or missingness [19,
33, 41, 245]. Convolutional models use local filtering and hierarchical composition to capture short-range motifs and
multi-scale temporal patterns [80, 117, 182]. Transformer-based models use an attention mechanism to model long-range
dependencies and interactions among time steps, variables, or channels [126, 183, 218, 252]. Neural-ODE models use
continuous-time dynamics to model irregularly sampled sequences and obtain representations at arbitrary timestamps
through numerical integration [111, 204, 239, 241].

2.5 The Scarcity-Driven Challenge in HTS Modeling

PhyTS, CRTS, and EpiTS differ substantially in their surface properties, such as temporal scale, sampling process, and
application context. However, they are shaped by three common forms of scarcity: label scarcity, sample scarcity, and
information scarcity. Unlike time series analysis in classical domains such as electricity load prediction [176], traffic
flow modeling [89], and weather forecasting [114], these scarcity challenges are especially central to HTS modeling.
We catalog these challenges below and use them as the organizing spine of the rest of the survey: each subsequent
methodological section is framed as a response to one or more of these scarcity types. The resulting taxonomy and the
organizational spine of this survey are summarized in Figure 1. To further illustrate the HTS development trajectory
following the spine, we provide an additional timeline-style summary in Figure 2.

Label Scarcity. Label scarcity refers to the lack of high-quality annotations for observed HTS. For PhyTS, reliable
labels often require expert interpretation from trained clinicians, such as cardiologists for ECG diagnosis or specialists
for sleep staging, making annotation expensive and time-consuming [80, 120]. For CRTS, many labels are delayed,
which requires long-term observation and careful follow-up [213]. For EpiTS, labels for outbreak status or disease

burden can also be delayed or biased by reporting practices and testing availability. This scarcity, therefore, motivates
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Table 1. Taxonomy of supervised modeling techniques and their relevance to different HTS categories.

Modeling Technique

PhyTS

CRTS

EpiTS

Basic temporal unit
modeling

Physiological signal segments
with informative local waveform
morphology, rhythm, or spectral
patterns [80, 117, 183, 199].

Heterogeneous clinical events,
visits, and measurements or-
dered along patient histories [41,
133, 181, 194].

Epidemic surveillance observa-
tions, such as reported cases or
disease activity over reporting
windows [11, 129, 261].

Multi-scale modeling

Multi-timescale physiolog-
ical structures, from cycle-
level patterns to long-range
rhythms [39, 242, 257].

Multi-timescale clinical evo-
lution, from short-term vital
changes to long-term disease

progression [123, 153, 284].

Spatially multi-scale epidemic
dynamics across hierarchical ge-
ographic units, such as states and
countries [163, 227, 291].

Cross-dimensional in-
teraction modeling

Multi-channel signal inter-
actions, such as multi-lead
ECG or multi-electrode EEG
signals [9, 26, 91, 117, 131, 268].

Heterogeneous clinical variable
interactions, such as vitals, labo-
ratory tests, medications, and in-
terventions [124, 134, 143, 152].

Spatial interactions among
geographically or mobility-
connected epidemic
gions [50, 99, 239, 261].

re-

Irregularity modeling

Less concerned, since signals are
acquired at fixed sampling rates
within fixed-length windows.

Irregular timestamps and incom-
plete clinical observations [33,
56, 126, 136, 181, 229].

Uneven surveillance records
and irregular reporting inter-

vals [111, 239, 244].

Mechanism-
informed modeling

Morphological priors and mech-
anistic physiological ODEs [161,
211, 248, 289, 294].

Clinical-process priors, such as
disease-stage and knowledge-
guided structures [4, 36, 152].

Epidemic transmission processes
guided by mechanistic epidemic
ODEs [111, 200, 239, 241, 244].

the development of task-specific supervised methods that compensate for limited labels by incorporating domain
knowledge, temporal inductive biases, and label-efficient learning strategies.

Sample Scarcity. Sample scarcity refers to the limited availability of representative samples for a target task or
disease event. Even when labels are easily obtainable, the number of relevant target-domain examples may still be too
small to train robust models from scratch. For PhyTS, sample scarcity may arise from rare diseases, underrepresented
populations, or device-specific settings. For CRTS, large-scale datasets are difficult to collect and harmonize across
institutions due to privacy constraints, cohort differences, and variable measurement practices [198, 223].For EpiTS,
newly emerging diseases or local outbreaks often provide only short historical observation windows. Such sample
scarcity has motivated two research directions: foundation models that pre-train on broader unlabeled data and transfer
to sample-limited target domains, and generative models that synthesize samples for data augmentation.

Information Scarcity. Information scarcity refers to the fact that HTS alone often provides only a partial view of
the underlying health state. For PhyTS, the same temporal pattern may correspond to different physiological conditions
depending on patient context or clinical history, and thus may require further justification from reports about the
patient’s physical condition [138, 270]. For CRTS, pure longitudinal records may not fully capture the patient’s disease
status, since important information can be recorded in complementary sources such as medical images [82]. For EpiTS,
observed case counts or incidence curves alone may be insufficient to explain disease spread, as epidemic dynamics are
also shaped by mobility patterns, demographic structures, and policy interventions [55]. This scarcity motivates the
development of multi-modal learning methods that integrate temporal signals with complementary information to

obtain accurate estimation of underlying health state.

3 Task-Specific Supervised Learning

While end-to-end supervised learning is effective when labeled data is abundant, healthcare labels are often scarce and
costly to obtain. Consequently, the effectiveness of HTS models depends heavily on the design of inductive biases that
enable the extraction of informative patterns from limited data. Therefore, this section reviews task-specific supervised

learning and the related key temporal modeling techniques, with a brief summary in Table 1.
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3.1 Basic Temporal Unit Modeling

Learning informative patterns from temporal observations is the foundation of supervised HTS modeling. Different
HTS are characterized by different temporal units and structures, which motivate distinct approaches to temporal
encoding. For PhyTS, the basic units are dense signal segments, where informative structures are typically expressed
as waveform morphology (e.g., QT prolongation and ST-segment elevation in ECG [266]), rhythm (e.g., cardiac-cycle-
induced periodicity in ECG/PPG [248, 250, 262]), or spectral composition (e.g., spectral patterns associated with brain
activity in EEG [117]). Accordingly, supervised PhyTS models often first extract local morphological or frequency-
domain features [20, 80, 117, 199] and then model longer-range rhythm or state transitions [80, 131, 183, 199, 210]. In
CRTS, the basic units are semantically heterogeneous clinical events or visits. Temporal encoding, therefore, focuses
on representing these units and aggregating them along ordered patient histories to capture patient-state evolution.
Early methods instantiate this paradigm with convolutional [169], recurrent [41], or attention-based encoders [218]
over medical events and visits. Transformer-based methods further treat clinical events or visits as structured tokens,
combining medical-code embeddings with positional, age, visit, or time-related embeddings to produce patient-level
representations for downstream prediction [133, 181, 194]. In EpiTS, the basic units are surveillance observations
indexed by region and reporting time, including reported cases, deaths, or influenza-like illness rates. Temporal encoding
aggregates these units along historical reporting windows to capture epidemic trajectories. Early methods use recurrent,
convolutional, or hybrid sequence encoders to model evolving epidemic patterns [11, 261], while transformer-based

methods are also used to capture long-range temporal dependencies [129].

3.2 Strategic Modeling Methods

Multi-Scale Modeling. Multi-scale modeling extends basic temporal structure modeling by learning HTS at multiple
resolutions. Here, “scale” may refer to temporal resolution, such as short-window patterns versus long-range patterns,
or spatial resolution, such as local regions versus broader geographic regions. The main objective is to integrate
fine-grained local signals with coarse-grained global patterns, which is especially important when health-related
dynamics unfold hierarchically across time or space. In PhyTS, multi-scale modeling mainly addresses the hierarchical
structure of physiological signals, where diverse resolutions of the waveform (e.g., local individual cardiac cycles and
global cardiac rhythm in ECG) may provide complementary information. To capture such structures, models extend
basic encoders into multi-resolution architectures that operate over multiple temporal windows or signal scales, as
shown in representative works like PulseID [257], MSDCGTNet [39], and MELP [242]. CRTS also exhibit temporal
dependencies at multiple temporal scales, ranging from rapid changes in vital signs and laboratory measurements to
long-term disease progression across visits. Existing methods introduce multi-scale structures in different ways. First,
progression-level abstraction represents longitudinal records through coarse disease stages or health states [68]. Second,
temporal-feature-level modeling captures short- and long-term variations in clinical variables through scale-adaptive
feature extraction [157] or local-global temporal attention [151]. Third, more recent methods construct explicit multi-
resolution representations, using patch-based organization to group fine-grained observations into local temporal units
and integrate them through inter-patch modeling [123, 153, 284]. In EpiT$, multi-scale modeling is more focused on a
spatial level. Epidemic processes are organized over hierarchical geographic units, such as cities, states, and countries,

where local outbreaks, regional spread, and national-level trends are dynamically coupled. Therefore, some methods
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incorporate multi-scale spatial context to model disease spread across different levels of granularity [227], while others
explicitly encode geographical hierarchies to produce forecasts that remain coherent across spatial resolutions [163, 291].
Cross-Dimensional Interaction Modeling. Beyond the temporal structure within each sequence, HTS models
often need to capture interactions among multiple coupled entities. The semantic meaning of these entities differs across
HTS categories: signal channels in PhyTS, clinical measurements in CRTS, and geographic regions in EpiTS. Although
variate-independent modeling can be effective for general time series [79, 135], HTS dimensions often correspond
to meaningful clinical or spatial structures. Thus, modeling cross-dimensional interactions is essential for HTS, as
it allows models to integrate information across variables. In PhyTS, this problem appears as multi-channel signal
modeling. For example, 12-lead ECG records cardiac activity from different lead perspectives [199], while multi-electrode
EEG captures brain activity across scalp regions [117]. Existing models capture channel interactions through spatial
convolutions [117], graph-based message passing [9, 26, 91], cross-channel attention [131, 195, 268], or implicit channel
mixing [25, 182]. In CRTS, the same modeling principle corresponds to dependency learning among heterogeneous
clinical variables, such as vital signs, laboratory tests, and treatments. Graph-based models represent variables as
nodes and learn sample-specific, adaptive, or knowledge-informed relations [134, 152, 288]; more recent methods
further relax fixed variable-level interactions by modeling dependencies over aligned temporal patches [284], or higher-
order structures [124, 143, 153] under asynchronous and irregular sampling. In EpiTS, the interacting dimensions are
geographic regions. Disease trajectories in different regions may be coupled through population mobility or geographic
proximity. Existing methods typically construct a graph over locations, where each location is represented as a node,
and combine graph modules with temporal encoders to capture spatial-temporal propagation patterns [50, 99, 261].
Irregularity Modeling. Many HTS are rarely observed as perfectly regular sequences. Recordings may not be
collected at even time intervals, and in some scenarios, only a subset of variables is measured at each time point.
This issue is most prominent in EpiTS and CRTS, although it arises from different sources. For PhyTS, irregularity is
usually less of a central concern because physiological signals are often acquired by devices at fixed sampling rates and
fixed-length monitoring windows. For EpiTS, irregularity often arises from uneven surveillance records. For example,
in the early stages of an outbreak, resource or infrastructure limitations may prevent some regions from conducting
routine surveillance, resulting in irregular reporting intervals. Therefore, many EpiTS models [111, 239, 244] have tried
to convert discrete and irregular surveillance observations into continuously evolving disease dynamics, mainly using
neural differential equations [37, 104, 204]. We discuss ODE-based EpiTS modeling in more detail in the mechanism-
informed modeling paragraph. For CRTS, irregularity also arises since clinical measurements are often recorded at
uneven time intervals, and variables are measured only when clinically necessary or feasible. To address irregular
timing, one line of work adds timestamp-derived quantities to input representations, such as discretized time-gap tokens
in Deepr [169], timestamp-augmented visit representations in RETAIN [41], and time-, age-, interval-, or visit-aware
token embeddings in EHR Transformers [132, 133, 181, 194, 218, 267, 272]. Another line injects time information into
the model computation: GRU-D [33] and T-LSTM [19] use elapsed-time decay for stale observations or memory states,
Phased LSTM [168] gates recurrent updates by timestamp, and attention-based models use observed times to define
temporal alignment, warping, or timestamp-aware attention [126, 217, 283]. Continuous-time models address the
same problem by evolving latent patient states between observations and updating them when new measurements
arrive [37, 104, 126, 165, 204]. To address incomplete observations, early work incorporates missingness indicators as
input features to improve recurrent prediction [136], while GRU-D [33] jointly uses masks and time gaps through
learnable decay. Beyond using missingness as auxiliary input, imputation-based methods estimate missing values jointly

with representation learning using recurrent [28, 278], attention-based [56], or generative architectures [48, 229].
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Mechanism-Informed Modeling. Mechanism-informed modeling incorporates domain knowledge about the
underlying health process into supervised HTS models. Compared with generic architectural priors, such knowledge
may enter the model as explicit dynamic equations or more implicit inductive biases derived from known dynamic
processes. For PhyTS, mechanism-informed modeling commonly appears in studies of physiological signal generation
or cross-modal physiological transformation [248, 289, 294], where the modeled physiological process is often guided or
constrained by corresponding mechanistic ODE systems [161]. A comprehensive discussion of this paradigm is provided
in Section 4.3. In contrast, mechanism-informed approaches are less prevalent in supervised PhyTS modeling, where
physiological knowledge is usually used implicitly as morphology-aware objectives rather than as explicit mechanistic
constraints. For example, DMT [211] exploits waveform patterns associated with arterial stiffness and wave reflection
to guide cuffless blood pressure estimation. For CRTS, patient trajectories are shaped by heterogeneous diseases,
interventions, and care practices, making it difficult and uncommon to describe such dynamics with general mechanistic
equations. As a result, CRTS models more often incorporate clinical knowledge as inductive biases in the model design.
We summarize three representative forms of such clinical priors below. First, disease-progression priors are utilized to
improve the latent-state transition: Attentive SS [4] introduces structured latent disease states with learned transition
dynamics, while StageNet [68] augments recurrent updates with stage-aware memory and stage-adaptive convolution,
so that hidden states evolve according to inferred disease stages rather than unconstrained recurrent dynamics. Second,
event-process priors are utilized to improve the prediction head and training objective: Dynamic-DeepHit [118] predicts
discrete-time event-risk distributions under competing risks, and SurvLatent ODE [165] couples continuous-time
latent dynamics with survival modeling, replacing ordinary fixed-horizon classification with hazard- or event-time-
based prediction. Third, medical-relation priors are utilized to improve the representation or interaction structure:
GRAM [40] uses ontology-guided medical-code representations, KEDGN [152] constructs knowledge-guided variable
graphs, and TRANS [36] builds temporal patient-event graphs. In these models, clinical knowledge is not merely used
to interpret latent states after training, but is built into the transition, output, or relational structure of the model.
For EpiTS, mechanism-informed modeling is the most mature and widely-used. Epidemic spread can be naturally
described by compartmental transmission systems, such as SIR-style ODE models [74, 279]. Recent approaches integrate
these mechanistic priors with neural differential equation frameworks [37, 104], allowing neural networks to learn
flexible transmission dynamics while preserving continuous-time epidemiological structure. One line of work directly
parameterizes mechanistic ODEs with neural networks so that transmission parameters can be learned from data
while remaining constrained by epidemic dynamics [111]. These parameters can also be conditioned on spatial context:
CausalGNN uses graph neural networks to generate ODE parameters from regional dependencies [244], while EARTH
further models a continuously evolving disease transmission graph within a neural-ODE framework [239]. Another
line of work uses mechanistic models as training-time guidance rather than as the final predictor. For example, neural
predictors can be trained to imitate trajectories produced by ODE-based simulators [241], or to absorb latent epidemic

dynamics from a source mechanistic model through gradient matching [200].

4 Towards Foundation Models

In practice, training a model from scratch for each target setting can be impractical due to the sample scarcity detailed in
Section 2.5. HTS modeling has therefore moved toward foundation models, where a single model is pre-trained on large-
scale unlabeled data aggregated across datasets or tasks and then reused for target downstream healthcare applications.
Specifically, this section reviews three directions: foundation model pre-training for learning representations, transfer

adaptation for reusing pre-trained models, and generative data synthesis for augmenting scarce data samples.
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4.1 Foundation Model Pre-training

Foundation model pre-training aims to make use of large-scale unlabeled HTS to learn an encoder fy that produces
general representations that can be transferred to unseen data or tasks. In this section, we focus on domain-specific

foundation models pre-trained for each HTS, organized by pre-training paradigms.

4.1.1 Contrastive Pre-training. This paradigm learns representations by maximizing embedding similarity between
related views of the same signal while pushing unrelated ones apart. Formally, given a sample x, two correlated views
x, x() < T(x) are generated via a transformation 7. Each view is then mapped to a latent representation by an
encoder fy. The model is typically trained using a contrastive objective such as the one used in InfoNCE [177] to
distinguish positive pairs from negatives. While this formulation is simple, its effectiveness for HTS foundation models
largely depends on how these components are instantiated for specific signals and settings.

Sample Definition. A key design choice in contrastive pre-training is how to define the sample x. Unlike images or
text, where a sample is often naturally defined, an HTS sample can be represented at multiple granularities. Existing
methods have defined x as an entire recording [109], a temporal window or cropped segment [58, 233], a local patch
or tokenized subsequence [92, 268, 284], or an irregular patient trajectory in clinical data [42, 107, 191]. This choice
determines the level at which invariance is learned. Instance-level formulations encourage global semantic consistency,
whereas segment- or patch-level formulations focus more on local temporal patterns and multi-scale structure. For
irregular HTS, defining x as temporally aligned patches or density-aware segments can further facilitate modeling
under heterogeneous and asynchronous sampling patterns [42, 284].

Positive Pair Construction. The construction of positive pairs is critical, as it determines the invariance learned by
the model. Ideally, transformations used to generate positive pairs should preserve task-relevant semantic information
while removing nuisance variations. Early approaches adopt augmentation-based methods such as temporal cropping,
scaling, jittering, and masking to encourage robustness to signal perturbations [1, 58, 109, 273]. Beyond such generic
transformations, recent works exploit the structural properties of time series to construct more semantically meaningful
pairs, including local-global temporal views and temporal neighborhood consistency [58, 233], cross-channel or multi-
lead views in PhyTS [25, 109], and multi-scale representations that capture both short- and long-term dynamics [268].
In CRTS, positive pairs are often defined at the intra-subject level based on temporal proximity or trajectory consistency,
which helps contrastive learning handle irregular sampling and heterogeneous variables [8, 42, 101, 107, 191].

Negative Sampling and Contrastive Objectives. The definition of negative samples and the formulation of
the training objective are also critical for contrastive pre-training. Most existing methods adopt an InfoNCE-style
objective [177], which encourages representations of positive pairs to have higher similarity than those of negatives:

exp(sim(z; ', z; T
Lcon(i) = 10g ( ( : ’ )/ )

ZkeN(i) eXP(Sim(Zfl), Z,(cz))/f)

where (zfl), zi(z)) denotes the positive pair corresponding to sample i, and N (i) denotes the contrastive candidate set
(including the positive sample and a set of negative samples). The similarity function sim(-, -) is commonly chosen as
cosine similarity, and 7 is a temperature parameter. In practice, N (i) is often approximated using samples from the same
mini-batch, but more general constructions are also used depending on the task and data structure [58, 273]. However, in
HTS modeling, naive negative sampling may introduce false negatives, where semantically similar signals (e.g., from the
same subject or similar physiological states) are incorrectly treated as unrelated. To address this, recent work explores

subject-aware sampling strategies and hard-negative selection to better reflect the underlying data structure [53, 101].
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Fig. 2. Timeline of HTS methods across data types. Rows correspond to PhyTS, CRTS, and EpiTS. Citation-box colors indicate the
corresponding methodological sections: task-specific supervised learning, foundation models, and multi-modal learning.

Additionally, the contrastive objective can be applied at different granularities, including instance-level, segment-level,

and patch-level contrast, which closely interacts with the sample definition and positive pair construction [1, 268].

4.1.2  Reconstruction Pre-training. This paradigm learns representations by recovering masked or corrupted parts of
the input signal. A general objective can be written as Lyecon = Ex [DIST (XM, gy (fo(Xy M)))], where M denotes the
masked subset, Xjs and X\ s denotes the reconstruction target signal and observed input after masking. The encoder fp
maps the observed signal into a latent representation, and the decoder gy reconstructs the masked components. The
function DIST(-, -) then measures the discrepancy between the original and reconstructed signals. In general, such
methods encourage the representation to preserve information that is sufficient to recover the original signal.

Mask Unit. A key design choice in reconstruction pre-training is what unit to mask. In time series, masking can be
applied at multiple granularities. (i) Point-level masking removes individual observed values, such as the measurement
of a specific variable at a specific time, and encourages local interpolation and denoising. This strategy is commonly
adopted in early CRTS pre-training [42, 181, 231, 267, 272], where sparse and irregular observations make point-level
reconstruction a natural objective. (ii) Segment-level masking removes continuous regions of the temporal signal, forcing
the model to exploit longer-range temporal dependencies and surrounding context. This strategy has been widely
adopted in PhyTS modeling [159, 179, 251, 296, 297]. (iii) Structured-unit masking represents the time series as discrete
or structured units, where each unit may correspond to a local temporal patch, a multi-channel patch, or a structured
event. This formulation provides a flexible masking interface across different HTS types. In PhyTS, patch-based masking
is used to model temporal dependencies and cross-channel structure [92, 179, 282]. In CRTS, masking can be applied to
irregular events, visits, or grouped observations [23, 42, 221].

Mask Position. Beyond the masking unit, the placement of reconstruction targets also matters. Existing methods
can be broadly grouped into in-context reconstruction and forecasting-style reconstruction. (i) In-context reconstruction
follows a BERT-like masked modeling formulation [51, 85], where target units are selected within the observed sequence

and reconstructed from the bidirectional context. The key design choice lies in how masking locations are sampled.
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CEHR-BERT [181] and TransEHR [267] adopt token-level random masking over discretized clinical events, while
PrimeNet [42] further improves masking by sampling fixed-duration temporal regions to mitigate bias from non-
uniform sampling density. For PhyTS, masking is typically structured rather than independent: LaBraM [92] masks
channel-wise EEG patches, Brant [282] removes contiguous signal patches, and REVE [179] samples spatial-temporal
blocks to prevent trivial reconstruction from local correlations. (ii) Forecasting-style reconstruction follows a GPT-like
next-token-prediction formulation [22], where targets are placed after the observed context and the model is trained
to predict future values or events. This objective aligns naturally with prognostic tasks in HTS. TransformEHR [272]
predicts next-visit clinical outcomes from historical visits, and MOTOR [221] formulates pretraining as time-to-event
prediction over longitudinal records. MIRA [126] extends this paradigm to irregular time series by modeling continuous-
time dynamics under heterogeneous sampling. Recent efforts also explore the combination of several masking strategies
to improve generalization performance [23, 24, 231].

Reconstruction Objectives. Reconstruction-based methods also differ in the space where the target is defined.
(i) Observation-space reconstruction directly predicts the masked or future observations, such as clinical events or
waveform segments [179, 181, 221, 267, 272, 296]. This objective preserves the semantics of the original data and is
often closely aligned with downstream tasks. (ii) Representation-space reconstruction predicts latent embeddings, patch
representations, or quantized codes instead of raw observations. This strategy is common in models that first tokenize
HTS into structured units. For example, LaBraM [92] predicts quantized neural representations for masked EEG patches,
and Brant [282] reconstructs patch-level embeddings of neural signals. Compared with input-space reconstruction, this

objective promotes more abstract, transferable representations with less reliance on low-level interpolation.

4.2 Transfer Adaptation of Foundation Models

After pre-training, foundation models are rarely deployed directly. Instead, they are adapted to downstream healthcare
tasks through various transfer strategies that address domain shifts and task-specific requirements. This section reviews

common adaptation approaches and their applications in PhyTS, CRTS, and EpiTS.

4.2.1 General Adaptation Strategies.

Direct Adaptation. Foundation models can be directly applied to downstream tasks with little or no parameter
updates, serving as temporal encoders. This strategy relies on the assumption that large-scale pre-training has cap-
tured general temporal patterns that can transfer to unseen time series data [116]. The pre-trained models used for
direct adaptation can be general time series foundation models trained in various domains, such as Time-MoE [212],
Chronos [10], and Moirai-MoE [141]. Recent works have tried to directly adapt them for epidemic forecasting [52, 97].
The pre-trained models can also be health-specific foundation models such as ECG foundation models [59, 127, 159]
and EEG foundation models [49, 179, 297]. Another possible direction is to adapt LLMs as time series encoders [75].
However, because LLMs are pre-trained on language tokens rather than temporal signals, their direct adaptation to
HTS depends on effective input representation alignment (see Section 5 for further discussion), and its effectiveness for
numerical temporal modeling remains debated [226].

Strategic Adaptation. Beyond direct adaptation, HTS foundation models can also be adapted in more strategic
ways, which we summarize into four categories. (i) Fine-tuning. A widely adopted strategy involves updating the
parameters of a foundation model [24, 127, 265] by training it on additional labeled data from the target domain. This
approach directly tailors the pre-trained model to specific downstream task. Furthermore, for foundation models built

upon MoE architectures, which have become increasingly prevalent recently, adaptation can also be performed at
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the expert level. For example, SpecMoE [49] introduces learnable masking matrices to selectively amplify or suppress
expert activations, enabling task-specific routing while preserving pre-trained knowledge. (ii) Repurposing. It adapts
a pre-trained foundation model to a different task type rather than merely fine-tuning it for the same objective. For
example, Huang et al. [88] repurposes a forecasting-oriented time series foundation model for HTS classification by
freezing the backbone encoder and substituting the original forecasting head with a lightweight classification module.
In general, repurposing typically involves training only the newly introduced task-specific parameters on labeled
target data, while keeping the pre-trained backbone frozen to preserve its ability for general temporal representations
encoding. (iii) Distillation. It transfers knowledge from a large pre-trained model to a smaller or more efficient model,
enabling downstream applications under resource constraints. For example, PPG-Distill [170] compresses a foundation
model into lightweight models that are easier to deploy on wearable devices. (iv) Integration. Different foundation
models may be expertized in capturing different temporal patterns. Integration-based methods aim to ensemble multiple
pre-trained models instead of adapting a single model. For example, ECG-MoE [266] treats multiple foundation models

as specialized experts and dynamically integrates their representations through task-conditioned routing.

4.2.2 The Need of Adaptation in Different Healthcare Scenarios.

PhyTS collected from devices of different manufacturers may exhibit significant distributional discrepancies due to
variations in their signal processing methods [59]. Such domain shifts may degrade model performance when transferred
across devices. In addition, substantial inter-subject variability inherent in biological signals further complicates
generalization, as physiological patterns can differ significantly between individuals [259, 299]. These factors, cross-device
variation and cross-subject variation, make effective transfer adaptation of physiological foundation models extremely
challenging. CRTS varies substantially between institutions due to significant differences in patient populations, clinical
practices, and data collection protocols [23]. As a result, models trained in one hospital often fail to generalize to another.
This cross-institution variation poses significant challenges for transferring foundation models for the clinical record.
Each EpiTS has their unique intrinsic dynamic, with transmission patterns evolving over time due to viral mutations,
behavioral responses, and policy interventions [186, 222]. Consequently, models trained on past outbreaks may struggle
to generalize to new events or even different phases of the same epidemic. These factors, cross-event variation and

temporal non-stationarity, pose challenges for the transfer generalization of epidemic foundation models.

4.3 Synthetic Data via Generative Models

Generative models can also help address sample scarcity by synthesizing data for both task-specific supervised learning
and large-scale pre-training. Existing work mainly focuses on PhyTS and CRTS, whereas EpiTS generation remains
underexplored and is currently limited to data augmentation [245]. We therefore focus on PhyTS and CRTS generation
and organize existing methods by the characteristic generative process: (a) data-driven generation, (b) mechanism-
informed generation, and (c) context-guided generation.

Data-driven generation. This approach aims to synthesize HTS by directly learning the empirical distribution of
observed data. In the reviewed HTS literature, this method is mainly used for CRTS generation, where models synthesize
tabular and longitudinal EHR data. In particular, synthetic CRTS are expected to mimic key properties of real clinical data,
such as heterogeneous feature types and incomplete observations, as discussed in Section 2. Recent works adopt deep
generative frameworks, including GAN- and diffusion-based models, to synthesize heterogeneous clinical records with
continuous and discrete variables [230, 277]. These methods aim to generate realistic patient records that preserve the

statistical and temporal characteristics of real CRTS. Another line of work addresses partially observed heterogeneous



14 Zhang and Huang et al.

records, where certain feature groups may be absent. For example, FLEXGEN-EHR [83] enables generation from
incomplete records by flexibly conditioning on the available feature groups. In addition, some methods reformulate
longitudinal tabular records into alternative data modalities to better leverage existing generative model families. For
example, TimeHR [100] converts longitudinal EHR data into image-like structures, allowing well-established image
generative models to be applied to clinical record synthesis.

Mechanism-Informed Generation. This approach aims to synthesize HTS that are consistent with underlying
biological dynamics. In the reviewed HTS literature, this direction is mainly explored in PhyTS generation, where
generated samples need to preserve waveform morphology, cardiac dynamics, and inter-channel consistency. Early
deep generative approaches directly incorporate morphological priors into the synthesis of ECG. For example, Golany
and Radinsky [71] imposes constraints by aligning the generated P-Q-R-S-T wave characteristics with those of
real ECG signals. However, morphology-level priors do not explicitly constrain the underlying cardiac dynamics,
which have been classically described using ODE systems [161]. Building on this insight, subsequent work integrates
ODE-based mechanisms into deep generative models. Specifically, Golany et al. [72], Yehuda and Radinsky [275]
enforces dynamical consistency through auxiliary losses based on ODE, while ODE-GAN [70] parameterizes the
generator itself as a neural ODE, allowing signal generation according to the learned latent dynamics. Beyond temporal
consistency with biological dynamics, physiological generation also seeks to synthesize multi-channel signals with
coherent inter-channel relationships. Therefore, later approaches, such as ME-GAN [35], introduce channel-dependent
generation to capture inter-channel dependencies. PhysioPDE-GAN [276] further incorporates PDE systems to jointly
model temporal dynamics and spatial correlations across channels. Although many physiological synthesis methods
are GAN-based, diffusion models have also been explored to improve generation quality and flexibility [5, 248].

Contextual-Aware Generation. This approach synthesizes HTS conditioned on additional contextual information.
In the reviewed literature, this direction is mainly used in PhyTS generation, where one physiological signal, clinical text,
or patient-specific context can be used to guide the synthesis of another physiological signal. A representative example is
PPG-to-ECG generation, where adversarial frameworks such as CardioGAN [206] and P2E-WGAN [237] synthesize ECG
waveforms from PPG inputs, and recent diffusion-based approaches further improve generation quality [64, 65, 216].
Similar ideas have been extended to ECG generation from millimeter-wave signals [147], EMG generation from kinematic
inputs [246], and ECG generation conditioned on clinical reports or patient-specific information [113, 248]. These
methods differ from mechanism-guided synthesis in that conditioning information is provided by external contextual

signals, allowing the generated physiological signal to reflect shared physiological couplings across different recordings.

5 Multi-Modal Learning in Healthcare Time Series

Foundation models and generative synthesis mitigate label and sample scarcity by reusing pre-trained representations
or expanding available data. However, HTS also suffers from information scarcity, where numerical temporal signals
often provide only partial and indirect observations of the underlying health state. Multi-modal learning addresses
this limitation by incorporating complementary information beyond the time series itself, such as patient metadata,
clinical records, imaging, environmental factors, or other contextual signals. Unlike many general time series domains,
where naturally aligned multi-modal data are scarce and auxiliary modalities may be only weakly related to the target
signals [30, 34, 139], HTS are often accompanied by clinically or epidemiologically meaningful auxiliary information.
Thus, multi-modal learning is particularly important for healthcare time series, as it provides critical context for

interpreting physiological states, clinical trajectories, and epidemic transmission dynamics.
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Formally, a general multi-modal HTS model can be written as V= F(XE, {X’"}ﬁ\n'le), where X! = {(ti,xi)}f‘il
denotes the time series, X" denotes the m-th auxiliary modality, and Y can represent different healthcare outputs, such
as a diagnostic result, risk score, generated report, reasoning response, or future trajectory. We organize this section
from two perspectives. Section 5.1 reviews how multi-modal information is integrated with time series, and Section 5.2

discusses which auxiliary modalities are commonly used across different scenarios.

5.1 General Multi-Modal Integration Strategies

Fusion-Based Methods. Fusion-based methods explicitly combine modality-specific representations during the
forward propagation process. In general, modality-specific encoders first generate latent representations:z** = f;5(X**)
and 2" = f,,(X™),m = 1,..., M for individual inputs; then a fusion operator combines these embeddings into a fused
representation: z = Fuse(2”, {z"}*_,). Depending on the position where the integration occurs, fusion strategies can
be categorized as early, intermediate, or late fusion; the fusion operator can be instantiated in different forms, such as
concatenation, projection, or cross-attention [285]. For modality fusion at the early stage, Lan et al. [115], Yang et al.
[270] encodes ECG numerical sequences into temporal embeddings, inserts them into prompted text tokens, and then
feeds the combined sequence into an LLM for physiological reasoning. For fusion at the intermediate stage, MEIT [240]
encodes physiological signals with a temporal encoder and injects the projected embeddings into the Key/Value vectors
inside the transformer layers of pre-trained LLMs, allowing language tokens to attend to physiological representations
during self-attention. For fusion at the late stage, Kim et al. [105] separately encodes population mobility information
as graph representations and social-media tweets as language representations, then uses cross-attention to integrate
these high-level features and feeds them into a joint downstream prediction head for epidemic outbreak analysis.

Alignment-Based Methods. Alignment-based methods learn compatible representations across modalities by
encouraging modality-specific encoders to capture shared semantic information. In multi-modal HTS, alignment is
commonly formulated at the sample level and the token level. (i) Sample-level alignment typically follows a contrastive
learning paradigm [190]. Modalities from the same sample are treated as positive pairs, while modalities from different
samples are treated as negative pairs. For instance, a physiological signal and its paired textual report form a positive pair,
while reports from other samples serve as negatives. Given matched representations (z;°, z/") and in-batch mismatched
pairs (z}°, z;"), the contrastive loss in Equation 4.1.1 encourages matched pairs to be close and mismatched pairs to be
separated. This strategy has been widely used in multi-modal physiological modeling, where numerical physiological
signals are aligned with textual reports or descriptions to support zero-shot classification and downstream transfer [128,
138, 242, 281]. It has also been applied to multi-modal clinical record modeling, where modality components associated
with the same clinical event, such as an ICU stay or patient visit, are treated as complementary views and encouraged
to share compatible representations [108, 249]. (ii) Token-level alignment focuses on the compatibility between temporal
token embeddings and language token embeddings. It projects time-series tokens into the representation space of
pre-trained LLMs, allowing temporally encoded information and related language tokens to be processed in a shared
embedding space [93, 224]. In this setting, physiological signals can be mapped into LLM-compatible representation
spaces to support multi-modal reasoning [29].

Text-Prompted Methods. Instead of performing multi-modal integration at the representation level, text-prompted
methods use language as the primary interface for integrating heterogeneous modalities. These methods convert time
series and auxiliary modalities into language-compatible descriptions, and then leverage LLMs as joint reasoning or
prediction backbones. According to how the textual interface is constructed, existing methods can be broadly divided

into direct transcription and semantic abstraction. (i) Direct transcription converts time series into ordered language-like
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sequences, where each textual unit corresponds to a timestamped observation. Given a HTS X** = {(t;, x,»)}fi ,» direct
transcription maps each timestamped observation into a textual unit u;* = ¢(#;, x;), yielding a language-compatible
sequence s’ = [uy,...,uy]. Similarly, each auxiliary modality is textualized as s™ = ¢,,(X™),m = 1,..., M. Such a
method is especially useful for CRTS, since they are already structured as longitudinal measurements and care events.
Existing studies serialize EHR trajectories into LLM-readable inputs for clinical modeling, covering representation
learning and fine-tuning [61], ICU outcome prediction [44, 86], discharge prediction [287], and forecasting with
clinical notes [172, 243]. However, point-wise textualization can generate long and redundant prompts, motivating
compressed tokenization [298] and retrieval-based history selection [27]. (ii) Semantic abstraction converts time series
into high-level textual descriptions instead of preserving every timestamped observation. Specifically, for a time
series XS, it produces s;s = ¢;5(X**) = [v4,...,0k], where each v; summarizes a domain-specific feature, and K is
not necessarily determined by N. Here, ¢s may be implemented through signal-processing modules [62, 137, 280],
clinical templates [90, 121], retrieval systems [27, 280], or LLM-based summarization [46, 112]. Compared with direct
transcription, this approach produces more compact and interpretable prompts and can naturally incorporate domain
knowledge and heterogeneous context. However, it introduces an information bottleneck and may discard fine-grained
numerical values and temporal details. Thus, text-prompted learning should be viewed as a complementary interface

for numerical time series modeling [38, 69].

5.2 Multi-Modal Information in Different HTS Scenarios

In multi-modal HTS modeling, auxiliary modalities can be broadly categorized into (a) self-derived views and (b)
external complementary sources. Self-derived views are constructed from the time series themselves, such as textual
summaries or other representations that highlight temporal characteristics. External complementary sources provide
information beyond temporal signals, such as clinical reports or other domain knowledge. The specific forms of these
modalities vary across different HTS scenarios.

Multi-modal PhyTS. (i) self-derived views include textual descriptions of waveform morphology, physiological
patterns, diagnostic cues [62, 137, 280], and image-like representations derived from raw signals [115]. (ii) External
sources include diagnostic reports, clinical interpretations, and patient metadata, which provide semantic or contextual
information beyond the numerical waveform [138, 270, 281]. In addition, multi-modality provides a language-based inter-
face for question answering, interpretation, and personalized feedback [63, 106, 137, 142, 162], extending physiological
time series modeling beyond classical prediction tasks toward interactive and personalized health support.

Multi-modal CRTS. (i) self-derived views are constructed from structured EHR trajectories themselves, such as
serialized records, pseudo-notes, or compact textual summaries of measurements and care events. Recent studies
have used these self-derived views for diverse tasks, including clinical prediction, temporal reasoning, and decision
support [44, 46, 61, 86, 90, 112, 121, 287]. (ii) External sources mainly include clinical text and medical imaging. Clinical
notes provide narrative information about symptoms, clinician assessments, treatment rationales, and care plans,
complementing structured EHR trajectories in clinical prediction tasks [103, 108, 154, 249, 254]. Medical imaging
provides additional visual and semantic evidence, especially when chest X-rays, radiology reports, discharge notes, and
temporal records are also available [82, 96, 253].

Multi-modal EpiTS. Most studies here focus on integrating external sources into joint modeling, where these auxiliary
modalities mainly include spatial signals and contextual public-health information. Specifically, spatial signals, such as
human mobility data, complement epidemiological trajectories by approximating contact opportunities, population

movement, and exposure risk [31, 47]. Contextual information captures external factors related to public behavior,
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Fig. 3. HTS types x Healthcare tasks x (main) Modeling paradigms.

intervention status, and evolving pathogen characteristics. For example, Internet search trends and pandemic-related
social media activity can provide early behavioral indicators of outbreak dynamics [57, 234]. In addition, recent work

further incorporates policy changes and genomic surveillance signals for contextualized epidemic forecasting [55, 228].

6 Application Domains

In this section, we provide a review of the representative applications of HTS. In particular, the applications are

organized according to the task taxonomy introduced in Section 2.3, and a brief summary is presented in Figure 3.

6.1 Diagnosis

Diagnostic applications infer the current health state from observed temporal evidence.

In PhyTS, diagnostic applications are well established in cardiovascular, neurological, and sleep-related settings.
For example, ECG is widely used for cardiovascular diagnosis, with arrhythmia detection being a central application.
Early work studied rhythm classification on single-lead ambulatory ECG [80], while later studies extended deep ECG
interpretation to standard 12-lead recordings for multiple diagnostic abnormalities [199]. Beyond rhythm classification,
ECG-based applications also support broader cardiac assessment, including cardiac dysfunction screening, identification
of atrial fibrillation during sinus rhythm, and acute myocardial infarction detection [12, 13, 140]. Wearable physiological
signals can also support state detection in daily-life settings, such as passive atrial fibrillation detection from smartwatch
data [232]. In neurological and sleep-related applications, EEG and polysomnography support sleep staging, where
consecutive temporal windows are assigned sleep-stage labels using EEG, EOG, EMG, and related channels [182, 183].
EEG also supports seizure detection, where models identify abnormal events in long recordings [3].

In CRTS, diagnosis corresponds to identifying a patient’s current or clinically relevant state from structured
clinical records. This includes diagnosis prediction, disease classification, and diagnosis-related clinical-event prediction
from historical visits or hospital trajectories [132, 133, 155, 181, 194, 218]. Another diagnostic use case is patient
phenotyping and subtyping, where longitudinal clinical observations are used to characterize patient groups or acute-

care phenotypes [19, 81]. Monitoring can also be viewed as repeated diagnosis when the goal is to update the estimated
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patient state as new observations arrive, supporting bedside reassessment and online patient monitoring in ICU and
inpatient settings [273]. Overall, CRTS diagnosis is less tied to a single disease-specific test than PhyTS diagnosis; it
more often concerns patient-state identification across heterogeneous clinical histories.

In EpiTS, diagnosis appears as real-time surveillance and epidemic-state estimation, where the goal is to assess
current disease activity rather than forecast future burden. Public-health surveillance commonly tracks indicators such as
reported cases, incidence rates, influenza-like illness rates, hospitalizations, or mortality to support situational awareness
across regions [45, 54, 158]. Epidemic tracking has also been studied by combining influenza-related surveillance signals
with epidemic-state estimation, such as Google Flu Trends with state-space SEIR modeling [57]. When surveillance is
organized across locations, these applications can support current hotspot identification and regional risk assessment,

providing the diagnostic counterpart to future regional spread forecasting.

6.2 Prognosis

Prognostic applications predict future health outcomes, risks, or trajectories from historical temporal observations.

In PhyTS, wearable and remote monitoring have expanded physiological applications from episodic clinical testing
to longitudinal risk assessment. Wearable signals such as PPG, heart-rate, and activity trajectories have been used for
cardiovascular risk prediction from daily-life monitoring data [16]. ECG and PPG applications also support broader
physiological risk assessment, including blood-pressure estimation and forecasting [60, 290]. These applications often
aggregate noisy signals over longer horizons, making robustness to motion artifacts, device placement, user behavior,
and sampling variability central to clinical utility.

In CRTS, a major prognostic application is acute care risk prediction, where patient trajectories are used to estimate
near-term outcomes such as mortality, clinical deterioration, sepsis onset, and prolonged length of stay. In ICU settings,
structured vital signs, laboratory measurements, and clinical observations have been used for mortality, decompensation,
length-of-stay prediction, and phenotyping [81, 122, 218, 231]. In addition, early warning systems are also a particularly
important prognostic setting because the prediction horizon directly affects clinical utility. For example, Wang et al.
[254] studied sepsis prediction using early ICU measurements and clinical notes, illustrating the need to evaluate models
by both accuracy and how early they identify at-risk patients. Bedside monitoring also belongs to prognosis when
the goal is to update future-risk estimates as new measurements, notes, or imaging evidence become available. Prior
work has used ICU time series and clinical notes for mortality, decompensation, and length-of-stay prediction [103],
with related studies predicting in-hospital mortality from structured EHR trajectories, clinical notes, or LLM-generated
summaries [18, 154]. When available, imaging evidence can further complement longitudinal clinical measurements for
bedside outcome assessment [82, 96].

In EpiTS, prognostic applications mainly forecast future disease activity for public-health preparedness and planning.
Short-term forecasting estimates near-future surveillance indicators from historical epidemic observations. Represen-
tative applications include influenza-like illness forecasting in the United States and Japan [261] and COVID-19 case
prediction in India [11]. Operational forecasting settings also consider public-health targets such as hospitalizations
and mortality, as reflected in COVID-19 forecast aggregation [45] and FluSight influenza forecasting evaluations [158].
EpiTS prognosis is especially important for emerging or rapidly evolving outbreaks, where local historical data may
be limited. For example, pandemic forecasting has been studied across countries at different epidemic stages [180],
and epidemic forecasting under sparse local surveillance has been studied using synthetic information [245]. Beyond
single-region forecasting, regional spread forecasting estimates future disease activity across connected locations,

supporting hotspot detection and regional risk assessment [50, 239, 244]. Mobility-aware forecasting further supports
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this regional perspective by relating population movement to spatial disease spread under changing intervention
conditions [227]. In practice, EpiTS prognosis is complicated by reporting delays and data revisions, which can affect

both real-time forecasts and retrospective evaluation [17, 222, 235].

6.3 Decision Support

Decision-support applications use HTS to inform actions rather than only estimate states or predict future outcomes.
This task family remains less mature than diagnosis and prognosis, but it is important because real healthcare and
public-health settings require decisions about when to intervene, which action to take, how strongly to respond, and
how recommendations should be updated as new temporal observations arrive.

In PhyTS, decision support appears in rehabilitation, neuromuscular assessment, human-machine interaction, assis-
tive technology, and personalized physiological feedback. For example, EMG and EOG signals are used in rehabilitation
and assistive interaction [32, 130]. Specifically, EMG supports gesture recognition, prosthetic control, fatigue monitoring,
and motor rehabilitation, while EOG captures eye-movement-related potentials for sleep analysis, fatigue detection,
and assistive interaction. EEG-based brain—computer interfaces also support assistive interaction and neurotechnology
applications [117]. In daily-life monitoring settings, wearable physiological signals can further support personalized
health feedback and user-facing physiological insight generation [63, 66, 162]. Compared with diagnosis-oriented ECG
or EEG interpretation, these applications are closer to action support because their outputs may guide device control,
rehabilitation feedback, assistive interaction, or personalized self-management.

In CRTS, decision support is centered on care delivery, where temporal patient records are used to inform clinical
actions, workflow decisions, or care planning. One representative setting is treatment strategy support in intensive
care, especially for sepsis management, where longitudinal patient records can be used to study treatment decisions
and their downstream outcomes [110]. Another setting is longitudinal clinical reasoning and summarization, where
patient histories are organized to support review of disease progression, recent events, and possible care needs [27,
46, 112, 121]. Related workflow-oriented applications, such as delirium prediction, ICU readmission prediction, and
discharge prediction, can support care coordination and clinical prioritization, although they are closer to prognostic
support than direct intervention recommendation [44, 86, 287]. Overall, CRTS decision support remains an emerging
area, with a clear gap between retrospective prediction and prospective, intervention-aware clinical action.

In EpiTS, decision support includes intervention evaluation, contact tracing, resource allocation, and policy planning.
Forecasts of regional spread can support coordinated allocation of public-health resources, while mobility-aware and
policy-aware studies examine how population movement and interventions shape transmission and public-health
response [31, 97, 227]. Epidemic control and contact-tracing applications have also studied how to choose interventions
under competing public-health, social, and economic objectives [67, 219]. Compared with pure forecasting, these

applications require explicit consideration of how public-health actions alter future epidemic dynamics.

6.4 Datasets and Benchmarks

PhyTS research relies on benchmarks spanning different modalities, acquisition settings, and annotation levels. For ECG,
rhythm-event detection is commonly evaluated on the MIT-BIH Arrhythmia Database [164] and the PhysioNet/CinC
2017 single-lead atrial fibrillation challenge dataset [43], while multi-label 12-lead diagnostic classification often uses
PTB-XL [238], the Chapman-Shaoxing ECG database [293], and MIMIC-IV-ECG [73]. For sleep and neurological
monitoring, Sleep-EDF [102] and SHHS [189] are widely used for polysomnography-based sleep analysis, while CHB-
MIT [215] and the TUH EEG Corpus [174] support seizure detection and clinical EEG modeling. For wearable and
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Fig. 4. Quantitative summary of the surveyed literature. (a) Paper searching and screening process. (b) Number of included papers by
publication year and HTS data categories. (c) Distribution of reviewed papers across survey dimensions and HTS data categories.

rehabilitation settings, PPG-DaLiA [197], the IEEE Signal Processing Cup 2015 wrist-PPG dataset [292], BIDMC PPG
and Respiration [185], WESAD [207], and NinaPro [14] cover heart-rate estimation, respiratory-rate estimation, stress
detection, and EMG-based gesture or prosthetic-control tasks.

CRTS research is supported by publicly accessible critical care and longitudinal EHR databases. MIMIC-III [95]
and MIMIC-IV [94] provide multi-year ICU records from a medical center, while eICU [187] offers multi-center
coverage across over 200 U.S. hospitals. HiRID provides two-minute-resolution physiological recordings [274], and
EHRSHOT [260] includes longitudinal outpatient and inpatient trajectories with 15 clinical prediction tasks designed
for few-shot evaluation of foundation models. On the benchmark side, Harutyunyan et al. [81] established a widely
adopted suite on MIMIC-III covering in-hospital mortality, decompensation, length-of-stay, and phenotyping, while
the HiRID-ICU-Benchmark [274] extended this to high-resolution data with reproducible pipelines. More recently,
MIMIC-IV-EXT [243] introduced a 22-million-event temporal stream supporting long-horizon modeling.

EpiTS research relies on publicly reported surveillance datasets that differ in temporal resolution, geographic scope,
and reporting reliability. For seasonal influenza, the U.S. CDC ILI surveillance system has served as the primary domestic
data source, and the FluSight challenge [196] has coordinated annual multi-team probabilistic forecasting evaluations
since 2013, its most recent assessment [158] covers the 2021-23 seasons under laboratory-confirmed hospitalization as
the forecast target. For COVID-19, the JHU CSSE dashboard [54] provided global case and mortality TS as ground truth,
and the US COVID-19 Forecast Hub [45] aggregated forecasts from over 90 modeling teams across cases, hospitalizations,
and deaths. A recurring difficulty across these resources is that ground truth is subject to reporting delays, revisions,

and definitional changes [17, 222, 235], making retrospective evaluation sensitive to the data version used.

7 Survey Methodology

Search Strategy. We conducted a systematic literature review to synthesize recent research progress in deep learning
for HTS. Unlike reviews focused on a single clinical question or one data modality, this survey aims to organize a broad
and rapidly evolving literature according to data types, modeling challenges, and methodological paradigms. We mainly
considered papers published from 2016 to May 2026, with the final search update completed in May 2026. The overall
search and screening strategy is highlighted in Figure 4 (a). We searched major academic databases and publication
platforms to capture both representative and recent works in artificial intelligence and healthcare, including Google
Scholar, PubMed, ACM Digital Library, IEEE Xplore, ACL Anthology, arXiv, medRxiv, and OpenReview. The search was
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Table 2. Comparison of representative HTS surveys. The symbols V", ‘A”, and “~” denote substantial coverage, partial coverage, and
no major focus, respectively. Methodological dimensions include task diversity (diagnosis, prognosis, decision support), emerging
deep learning paradigms (foundation models, LLMs, generative Al), and multi-modal information.

Task Emerging  Multi-

Survey Primary Scope PhyTS CRTS EpiTS Diversity DL Modality
Sun et al. [223] Focuses on CRTS irregular modeling. - v - - - -
Morid et al. [166] Reviews DL methods for CRTS prediction. - v - - - -
Xie et al. [264] Reviews temporal representation learning for CRTS. - v - A - -
Amirahmadi et al. [7] Focuses on CRTS prediction and data-processing techniques. - v - A - -
Ren et al. [198] Covers EHR modeling from DL to LLMs, but not restricted to HTS. - A - v v v
Alqudah and Moussavi [6] Reviews general ML/DL methods for PhyTS. v - - A - -
Liu et al. [145] Focuses on contrastive self-supervised learning for PhyTS. v - - - A -
Weng et al. [259] Systematically reviews self-supervised learning for PhyTS. v - - - A -
Kamble and Sengupta [95] Reviews emotion recognition using PhyTS. v - - - -
Pillalamarri and Shanmugam [184] ~ Reviews multi-modal learning for emotion recognition using PhyTS. v - - - A v
Nie et al. [171] Reviews DL methods for PhyTS, mostly about supervised methods. v - - - -
Yang et al. [271] Focuses on PhyTS anomaly detection. v - - - - -
Lietal [125] Reviews few-shot learning for PhyTS. v - - - - -
Guetal. [77] Surveys foundation models for PhyTS. v - v v

Liu et al. [149] Reviews GNN's for spatial-temporal epidemic modeling. - - v v - -
Rodriguez et al. [201] Reviews general ML methods for epidemic forecasting. - - v - A -
Sharma et al. [209] Reviews DL methods for epidemic modeling and control. - - v v A v
Babanejaddehaki et al. [15] Reviews DL methods for epidemic outbreak detection and forecasting. - - v A - -
Liu et al. [144] Focuses on LLMs for HTS, with limited coverage of non-LLM methods. v v - - A v
Loni et al. [150] Reviews generative Al for synthetic medical text and HTS. v v - - v -
Our survey Reviews diverse HTS, organized by evolving trajectory and modeling paradigms. v v v v v v

conducted using three groups of keywords. The first group emphasized HTS data, covering both general terminologies
(e.g., health time series, medical time series) and specific data modalities, ranging from bio-signals (e.g., ECG, EEG,
PPG, EMG) to structured clinical records (e.g., ICU records, EHR trajectories), as well as specific infectious-disease
surveillance data (e.g., COVID-19). The second group covered method-related terms, including neural architectures,
learning paradigms, and emerging model families (e.g., RNNs, Transformers, contrastive learning, foundation models,
generative models, multi-modal). The third group covered common modeling challenges in HTS (e.g., irregular sampling,
missingness, data scarcity, distribution shift, measurement noise). Representative Boolean search strings included:

(i) (bio-signals OR longitudinal EHR or epidemic time series) AND (deep learning OR machine learning),

(ii) (medical time series OR health time series) AND (foundation model OR multi-modal OR generative model),

(iii) (medical time series OR health time series) AND (irregularity OR scarcity OR noise).

Screening and Eligibility Criteria. After the initial collection, papers were screened according to their relevance
to the scope of this review. We included method-related papers if they addressed healthcare-related temporal modeling
problems and proposed, adapted, or evaluated computational methods for HTS. Generic time series papers were retained
only when they represented influential methodological developments with practical relevance to HTS modeling. In
addition, relevant surveys, foundational machine learning works, dataset papers, and domain-specific studies were cited
as contextual references to motivate key challenges, clarify background concepts, and position the reviewed methods.

Result. After deduplication and relevance filtering, the final reference set contained 298 papers, including 233 papers
for the main analysis and 65 papers as supporting material. The quantitative summaries in Figure 4 (b,c) are based on
the 233 main-analysis papers: Figure 4 (b) reports their distribution across publication years and HTS categories, while

Figure 4 (c) summarizes the coverage of survey dimensions and data categories.

8 Future Directions

Despite rapid progress in HTS modeling, current methods remain closer to predictive models than deployable clinical
or public-health decision-support systems. Future progress requires moving beyond predictive accuracy toward models

that support temporally grounded decisions, provide faithful clinical evidence, reason over long and sparse trajectories,
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interact with external tools or specialized temporal models, adapt under deployment-time shifts, and satisfy safety,
fairness, and privacy requirements. We summarize these challenges along six future directions.

From Prediction to Actionable Decision Support. Although recent HTS models have advanced diagnostic and
prognostic modeling [97, 122, 173, 218, 231], most remain primarily predictive, while real clinical and public-health
settings require decisions about when to intervene, which action to take, how strongly to respond, and how to update
recommendations as new observations arrive. This is challenging because decisions are part of the temporal process:
treatments, monitoring intensity, resource allocation, or vaccination policies can alter the future trajectories being
predicted [110]. Future work should therefore develop treatment-aware, policy-aware, and counterfactual HTS models
that estimate outcomes under alternative interventions.

Reliable and Clinically Grounded Interpretation. Interpretation is critical for HTS models because predictions
must be assessed together with clinical evidence. Early work has explored interpretable temporal architectural de-
signs [41, 68, 218], while recent language-based methods further translate time series into readable reports, pseudo-notes,
or natural-language rationales [121, 137]. However, readability alone is insufficient: explanations must be grounded in
relevant temporal evidence, calibrated with uncertainty, and consistent with clinical knowledge. Future work should
develop faithful, uncertainty-aware, and clinically grounded interpretation frameworks that verify whether highlighted
timestamps, variables, or generated rationales truly support model predictions.

Long-Horizon Health Dynamics Modeling. Many HTS tasks are framed as fixed-window prediction problems,
leaving long-horizon health dynamics underexplored. Long-horizon modeling requires using extended patient histories
to maintain evolving health-state representations and reason about future risks or trajectories over months or years.
This is important because future health may depend on distant events, accumulated comorbidities, prior interventions,
behavioral patterns, and delayed disease progression. For example, Shmatko et al. [214] models the progression and
competing nature of over one thousand diseases from patient histories observed until age 60, and samples future
trajectories up to 20 years. Future work should develop HTS models that connect long accumulated histories with broad
future trajectories, integrate repeated measurements with interventions and delayed outcomes, quantify uncertainty
over distant futures, and support monitoring, prevention, and intervention planning.

Integrating Agentic Systems with Specialized Temporal Models. Agentic systems offer a promising interface
for HTS applications that require querying temporal evidence, retrieving clinical or public-health knowledge, comparing
actions, and updating recommendations as new observations arrive [66, 87, 162, 256]. However, agents should not be
viewed as replacements for specialized HTS models, since key HTS evidence is often encoded in numerical temporal
structures that LLM-based agents may analyze inefficiently or unreliably. Future work should integrate agents with
dedicated temporal models, for example by aligning temporal representations with language-token spaces or invoking
temporal models as external analysis tools. Such integration may enable interactive and context-aware support while
preserving the fidelity, efficiency, and domain grounding of HTS models.

Robust Deployment-Time Adaptation. Although representation learning and foundation-model pretraining
improve HTS model transfer across datasets, tasks, and modalities, they do not guarantee robustness after deployment.
Real deployments involve cross-environment shifts across hospitals, devices, populations, or measurement protocols, as
well as temporal shifts within the same environment over calendar time. In healthcare, these shifts are often entangled
with changes in treatment practice, missingness, sampling frequency, device noise, and population characteristics.
Studies on temporal dataset shift show that adaptation can improve robustness [78, 84, 119], but naive adaptation may
be unstable or harmful under realistic shifts. Future work should develop deployment-time adaptation frameworks that

detect drift, adapt from limited or unlabeled target data, preserve calibration, and satisfy privacy and safety constraints.
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Trustworthy Deployment. Strong benchmark performance alone is insufficient for HTS deployment, which requires
evidence of reliability in the intended clinical or public-health setting. Three gaps are central. First, the aggregate-to-
subgroup gap means average performance may hide poor accuracy for clinically important groups defined by sex, race,
age, institution, or device type. Prior work on healthcare algorithmic bias shows that proxy outcomes and data-generating
processes can reproduce existing disparities [175], motivating subgroup-specific performance and calibration reporting.
Second, the benchmark-to-setting gap means performance on one dataset does not ensure transportability to the target
hospital, device, population, or calendar period. External validation is therefore needed to assess generalizability [192],
especially under temporal dataset shift [78]. Third, the research-to-deployment gap reflects that clinical deployment
is a governed lifecycle involving ethics review, health-data privacy regulations such as HIPAA, data-use agreements,
and regulatory pathways such as FDA authorization. Future work should develop deployment-oriented evaluation
pipelines covering subgroup calibration, cross-setting transferability, privacy-preserving multi-institutional validation,

human-in-the-loop assessment, and post-deployment monitoring.

9 Conclusion

This survey reviewed deep learning for HTS across physiological, clinical records, and epidemic time series. We organized
the survey under a unified scarcity-driven perspective, showing how task-specific supervised learning, foundation
models, and multi-modal learning have emerged to address label scarcity, sample scarcity, and information scarcity
in healthcare data. We further summarized representative application domains and key research gaps, highlighting
meaningful future directions. We hope this survey provides a unified map for understanding methodological connections

across HTS domains and for developing accurate, trustworthy, generalizable, and clinically useful HTS models.

Ethics and Privacy Statement

This survey uses only published literature and collects no human-subject or personal health data. Nevertheless, real-

world HTS applications require privacy protection, bias and safety assessment, and clinical validation.
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