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Abstract
Bipolar disorder is a condition characterised by episodes of extreme mood fluctuation. Effective treatment
typically includes psychoeducation, which aims to equip patients with the knowledge needed to make informed
decisions that can influence the course of their illness. Key to this process is the ability to monitor the patient’s
behaviour (both by patients themselves and involved healthcare specialists) in order to recognise early signs
of future episodes. To support this monitoring task, we propose a framework grounded in medical ontologies
and metric interval temporal logic (MITL). The framework enables monitoring of patient behaviour and the
identification of emerging episodes based on behavioral patterns and established clinical guidelines. This work is
the abstract of a paper [1] accepted at the Semantic Technologies for Data Management workshop (ST4DM 2026),
outlining the formal foundations of the framework and describes future steps towards its adoption in practice.
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1. Introduction

Bipolar disorder (BD) is a chronic mood disorder characterised by recurrent episodes of mania or
hypomania and depression lasting days to weeks [2, 3]. BP is associated with increased mortality and
cognitive impairments [4], and manifests in marked changes in everyday behaviour. Manic episodes
commonly involve reduced need for sleep, increased activity, and impulsive behaviour while depressive
episodes are associated with social withdrawal, reduced activity, and impaired daily functioning.

Pharmacological treatment is commonly complemented by psychoeducation, which reduces relapse
risk and supports recognition of symptoms, triggers, and disruptions in behavioural routines [5, 4]. A
key component is self-monitoring, typically performed manually or via mobile applications [6].

Current digital mental health approaches mainly rely on user-reported data and offline analysis
using AI-based recommender systems [7, 8]. These systems suffer from inconsistent user input, delayed
feedback, and limited transparency, which hinder clinical trust [9]. To address these limitations, we
propose a formal approach for the real-time modelling and monitoring of patient behavioural profiles.
The approach leverages fine-grained behavioural data together with established clinical guidelines
(e.g., [10, 11]) to provide timely and, potentially, fully explainable insights into disease progression and
emerging episodes. These considerations lead to the following conceptual requirements for modelling
behavioural patterns in BD: (i) complex activity classification to capture different types of behaviours
and their hierarchical relationships; (ii) reasoning about activity duration, frequency, and regularity;
and (iii) temporal reasoning over clinically relevant time intervals such as hours, days, and weeks.

Our approach builds on ideas from runtime verification [12, 13] and temporal Description Logics [14,
15]. Drawing inspiration from runtime verification of 𝒜ℒ𝒞-LTL [16], we use available ontologies,
e.g., [10], as sources of domain-validated vocabularies. These vocabularies are combined with metric
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interval temporal logic (MITL) formulas [17] to enable reasoning about behavioural patterns over time,
while maintaining a clear separation between ontological classification and temporal monitoring. In
contrast to approaches based on fully integrated temporal DL formalisms, we do not monitor temporal
formulae that directly embed DL assertions. Instead, we adopt an ontology-mediated monitoring
pipeline. Raw behavioural records are mapped to ABoxes and enriched using TBox reasoning, either
through saturation or by compiling the ontological knowledge directly into the monitor. The enriched
observations are then propositionalised into timed words and monitored using MITL formulas [18].
This design allows us to specify monitors using a DL-MITL combination at the modelling level, while
ensuring that the actual monitoring process operates over efficient propositional MITL semantics.

This architecture directly addresses requirements (i)–(iii) outlined above. First, complex activity
classification is handled at the ontological level through TBox reasoning, which captures behavioural
categories and their hierarchical relationships. Second, reasoning about activity duration, frequency,
and regularity is naturally expressed at the temporal level using MITL constraints. Third, temporal
reasoning over clinically relevant time intervals is enabled by the metric nature of MITL, allowing the
specification of patterns spanning hours, days, and weeks.

Ontological reasoning is thus used locally to enrich and classify observations, while temporal reason-
ing is carried out at the propositional level using standard MITL monitoring techniques. Compared to
𝒜ℒ𝒞-LTL-based approaches, this avoids online reasoning within a combined temporal DL formalism
and enables the reuse of efficient monitoring algorithms (e.g., [18, 19, 20]). The choice of the underlying
DL is therefore guided by the availability of tractable reasoning procedures, such as efficient saturation
or rewriting techniques. Moreover, the abstraction and propositionalisation steps yield a modular and
scalable monitoring architecture, accommodating overlapping and interleaved behavioural events while
maintaining a clear semantic link to the underlying clinical concepts.

The main contribution of this paper is a modular framework for ontology-assisted behaviour moni-
toring. We instantiate the framework for bipolar disorder, showing how clinically relevant behavioural
patterns can be represented and monitored in a transparent manner. This work is the abstract of a
paper [1] submitted to the Semantic Technologies for Data Management workshop (ST4DM 2026).

2. Ontology-mediated Monitoring for DL-MITL

𝑖 id𝑖 type𝑖 loc𝑖 𝑡𝑖
1 𝑠1 Sleep Home 01-02 01:42
2 𝑐1 PhoneCall Home 01-02 03:00
3 𝑐1 PhoneCall Home 01-02 03:20
4 𝑠1 Sleep Home 01-02 05:38
5 𝑠2 Sleep Home 02-02 01:18
6 𝑠2 Sleep Home 02-02 04:57
7 𝑠3 Sleep Home 03-02 00:38
8 𝑠3 Sleep Home 03-02 04:21

We begin with an excerpt of an event trace recorded for
a single patient with bipolar disorder using an IoT device,
such as a smartwatch. The device periodically records
whether the patient is asleep. In addition, it logs that two
phone calls were received at 03:00 and 03:20. Formally, a
trace is a finite sequence of events 𝜌 = 𝑒1 · · · 𝑒𝑛, where
each event 𝑒𝑖 is a tuple (id𝑖, type𝑖, loc𝑖, 𝑡𝑖) with strictly
increasing timestamps 𝑡1 < 𝑡2 < . . . < 𝑡𝑛. Beyond that,
an event has an identifier (id) and records an activity
of a given type (type) that takes place at a location (loc)

at time t. Recorded activities are durative. To capture this information, we assume that each event
identifier id occurs at most twice in the trace: the first occurrence is the start and the second (if present)
is the end of the interval. Formally:

⃒⃒
{ 𝑖 | id𝑖 = id }

⃒⃒
≤ 2, for any id.

There are a few crucial observations to be made about the aforementioned data format. First, traces
can be generalised to database relations of arbitrary arity that include a timestamp column, where
timestamps form a strictly increasing sequence. Second, each trace corresponds to a single patient.

The data format is also grounded on top-down choices, particularly on the ontology adopted to assist
the ontology-mediated monitoring task. The primary objective of this task is to leverage ontological
knowledge of relevant and well-adopted medical domain (e.g. SNOMED CT [21], ICD-10 [10]), in
combination with data collected by monitoring devices, to determine whether a given trace exhibits
behaviours that can be classified as depressive, manic, or hyper-manic.



Sleep ⊑ Event

PhoneCall ⊑ Event

∃ hasPlace.{Home} ⊑ AtHome

EventStart ⊑ Boundary

EventEnd ⊑ Boundary

To establish an appropriate connection with the event data, the
chosen medical ontology must be linked to an ontology modelling
the event data described above. While we omit a formal definition
of this second ontology, the example on the left illustrates how
relevant concepts and rules can be specified. Specifically, we assume
that an ontology for event data is a set of concept inclusions𝐶 ⊑ 𝐷,

where 𝐶 and 𝐷 are concepts in some description logic (DL). The choice of the specific DL is beyond the
scope of this paper. From an application point of view, ℰℒ appears to be a reasonable candidate due to
its adoption in SNOMED CT. At the same time, the specific choice of the DL must be ultimately driven
by the feasibility of reasoning tasks such as saturation and/or rewriting available for it.

Formulas for expressing monitors (capturing various behavioural patterns) are written in an extended
version of Metric Interval Temporal Logic (MITL) [17, 18]. This extension is obtained by combining the
chosen DL with MITL, in the spirit of existing temporal description logics (e.g., [14, 15]).

Formally, DL-MITL formulas 𝜑, 𝜓 are defined using the following grammar:

𝜙,𝜓 ::= 𝐶 ⊑ 𝐷 | ¬𝜙 | 𝜙 ∧ 𝜓 | 𝜙 𝒰𝐼 𝜓 | 𝜙 𝒮𝐼 𝜓, 𝐶,𝐷 ::= 𝐴 | ¬𝐶 | 𝐶 ⊓𝐷 | 𝐶 𝒰𝐼 𝐷 | 𝐶 𝒮𝐼 𝐷,

where 𝐴 is a concept name and 𝐼 is a non-punctual interval from R≥0 with endpoints in N0 ∪ {∞},
𝒰𝐼 is metric until. and 𝒮𝐼 is metric since. Expressions of the form 𝐶 and 𝐶 ⊑ 𝐷 are called temporal
concepts and temporal concept inclusions, respectively. Standard equivalences are defined as follows:
⊤ = 𝐴 ⊔ ¬𝐴, ⊥ = ¬⊤, 𝐶 ⊔ 𝐷 = ¬(¬𝐶 ⊔ ¬𝐷), 𝜙 ∨ 𝜓 = ¬(¬𝜙 ∧ ¬𝜓), ♢𝐼𝜙 = ⊤𝒰𝜙 (eventually),
□𝐼𝜙 = ¬♢𝐼¬𝜙 (always), ♦𝐼𝜙 = ⊤𝒰𝐼𝜙 (once), ■𝐼𝜙 = ¬♦𝐼¬𝜙 (historically).

The semantics of DL-MITL formulas is defined on timed sequences of ABoxes I =
(𝒜0, 𝑡0)(𝒜1, 𝑡1) · · · (𝒜𝑘, 𝑡𝑘). Let Δ, the domain, be the set of individuals in the ABoxes 𝒜𝑖. Then
temporal concepts are interpreted on I in a given timepoint 𝑖 as follows:

𝐴I,𝑖 =
{︀
𝑑 ∈ Δ | 𝐴(𝑑) ∈ 𝒜𝑖

}︀
, (¬𝐶)I,𝑖 = Δ ∖ 𝐶I,𝑖, (𝐶 ⊓𝐷)I,𝑖 = 𝐶I,𝑖 ∩𝐷I,𝑖,

(𝐶 𝒰𝐼 𝐷)I,𝑖 =
{︀
𝑑 ∈ Δ | 𝑑 ∈ 𝐷I,𝑗 for some 𝑗 with 𝑡𝑗 − 𝑡𝑖 ∈ 𝐼 and 𝑑 ∈ 𝐶I,𝑘, for all 𝑘 with 𝑖 < 𝑘 < 𝑗

}︀
,

(𝐶 𝒮𝐼 𝐷)I,𝑖 =
{︀
𝑑 ∈ Δ | 𝑑 ∈ 𝐷I,𝑗 for some 𝑗 with 𝑡𝑖 − 𝑡𝑗 ∈ 𝐼 and 𝑑 ∈ 𝐶I,𝑘, for all 𝑘 with 𝑗 < 𝑘 < 𝑖

}︀
,

and temporal formulas are interpreted as follows:

I, 𝑖 |= 𝐶 ⊑ 𝐷 iff 𝐶I,𝑖 ⊆ 𝐷I,𝑖, I, 𝑖 |= ¬𝜙 iff I, 𝑖 ̸|= 𝜙, I, 𝑖 |= 𝜙 ∧ 𝜓 iff I, 𝑖 |= 𝜙 ∧ I, 𝑖 |= 𝜓,

I, 𝑖 |= 𝜙𝒰𝐼𝜓 iff there is 𝑗 such that 𝑡𝑗 − 𝑡𝑖 ∈ 𝐼, I, 𝑗 |= 𝜓 and I, 𝑘 |= 𝜙, for all 𝑘 with 𝑖 < 𝑘 < 𝑗,

I, 𝑖 |= 𝜙𝒮𝐼𝜓 iff there is 𝑗 such that 𝑡𝑖 − 𝑡𝑗 ∈ 𝐼, I, 𝑗 |= 𝜓 and I, 𝑘 |= 𝜙, for all 𝑘 with 𝑗 < 𝑘 < 𝑖.

Here, the temporal concepts are interpreted as subsets of individuals that satisfy some ‘point-wise’
properties, while temporal formulas have implicit quantification over those individuals (concept inclu-
sion 𝐶 ⊑ 𝐷 is true at moment 𝑖 iff all 𝐶 are also 𝐷 at moment 𝑖) and are either true or false at each
moment in time. The above logic can be used to specify the following behavioural property, which
characterises a manic episode:

𝜙Sleep = ■[0,168]

(︀
Sleep ⊓ EventStart ⊑ ♢[0,5](Sleep ⊓ EventEnd)

)︀
The property states that, throughout a week (i.e., a period of 168 hours), whenever the patient sleeps,
the duration of sleep is no longer than 5 hours.

Monitoring. We now explain the monitoring problem for DL-MITL properties and propose an
approach to solving it. A classical runtime monitoring problem deals with deciding, given a finite prefix
of a trace, whether a given behavioural specification is already satisfied/violated/still undecided with respect
to all its possible future extensions. In this work, we consider the offline variant, which provides a
post-mortem judgment over a fully recorded trace. However, the problem is grounded in the standard
runtime monitoring approach for propositional MITL [18], and the monitoring task is performed over



timed words — timed sequences in which ABoxes are replaced by sets of atomic propositions. We
further describe how the existing monitoring approach for MITL is adapted to our setting.

First, given an event 𝑒𝑖 = (id𝑖, type𝑖, loc𝑖, 𝑡𝑖), we must generate a pair (𝒜𝑖, 𝑡𝑖). This is done via a
mapping specification 𝑀 , to a timestamped ABox 𝒜𝑖 =𝑀(𝑒𝑖):

𝒜𝑖 = {type𝑖(id𝑖), hasPlace(id𝑖, loc𝑖)} ∪

{︃
{EventStart(id𝑖)} if 𝑖 = min{𝑗 | id𝑗 = id𝑖},
{EventEnd(id𝑖)} if 𝑖 > min{𝑗 | id𝑗 = id𝑖}.

After that we can proceed along two possible directions. The first one focusses on saturating (i.e.,
forward-chaining timestamped ABoxes). Let ℒ be a DL. Given an ℒ-TBox 𝒯 , we denote by 𝒯 (𝒜) the
set of all atomic 𝒯 -consequences of 𝒜: 𝒯 (𝒜) =

{︀
𝐴(𝑑) | (𝒯 ,𝒜) |= 𝐴(𝑑)

}︀
. Each timestamped ABox

(𝒜𝑖, 𝑡𝑖) is then converted into (𝒯 (𝒜𝑖), 𝑡𝑖). By applying this transformation inductively to a timestamped
sequence of ABoxes I, we obtain 𝒯 (I), over which we need to evaluate our DL-MITL monitoring
formula 𝜙. For instance, for event 𝑠1 from the trace example above, the saturation gives us

𝒜𝑖 = {Sleep(𝑠1),Event(𝑠1), hasPlace(𝑠1,Home),AtHome(𝑠1),EventStart(𝑠1),Boundary(𝑠1)}

with 𝑡1 = 01-02 01:42.
The second direction focusses on rewriting (aka backward-chaining) monitor specifications. Given

a DL-MITL formula 𝜙, an ℒ-TBox 𝒯 and a concept 𝐴, we denote by rewrite𝒯 (𝐴) the set of ℒ-
concepts 𝐶 such that 𝒯 |= 𝐶 ⊑ 𝐴. Then rewrite𝒯 (𝜙) is the result of replacing each 𝐴 in 𝜙 with⨆︀

𝐶∈rewrite𝒯 (𝐴)𝐶 . We can then evaluate rewrite𝒯 (𝜙) on the original timed sequence J of ABoxes.
For the above formula example, Sleep, EventStart and EventEnd are rewritten into themselves. So,
the rewriting of 𝜙Sleep coincides with itself. A more interesting example would be Event where
rewrite𝒯 (Event) = {Event,Sleep,PhoneCall}.

An interesting research question at this point is for which DLs do forward- and backward-chaining
give the same results: i.e., J, 𝑖 |= rewrite𝒯 (𝜙) iff 𝒯 (J), 𝑖 |= 𝜙, for all J, 𝑖 and 𝜙? Moreover, is backward-
chaining or forward-chaining more efficient in practice?

The two directions, saturation or rewriting, allow us to eliminate the ontology and our practical
problem becomes as follows: given a timed sequence of ABoxes I = (𝒜0, 𝑡0)(𝒜1, 𝑡1) . . . (𝒜𝑘, 𝑡𝑘) and a
DL-MITL formula 𝜙, whether I, 0 |= 𝜙 or I, 0 ̸|= 𝜙.

To recast our problem to the standard MITL monitoring problem, we need to perform the last
propositionalisation step. For each 𝐴(𝑑), we take a proposition 𝑝𝐴,𝑑. Then each ABox 𝒜𝑖 can be
replaced by the corresponding set of propositions

{︀
𝑝𝐴,𝑑 | 𝐴(𝑑) ∈ 𝒜𝑖

}︀
. Let us denote the resulting

timed sequence by J†. In 𝜙, we replace 𝐶 ⊑ 𝐷 by
⋀︀

𝑑∈Δ(𝐶𝑑 → 𝐷𝑑), where 𝐶𝑑 and 𝐷𝑑 is the result of
replacing each concept name𝐴with proposition𝐴𝑑 in𝐶 and𝐷, respectively, and then replacing each ⊓
with ∧. Let us denote the resulting MITL formula by 𝜙†. We thus obtain the correspondence between
DL-MITL and MITL offline monitoring problems via the following relation: J, 𝑖 |= 𝜙 iff J†, 𝑖 |= 𝜙†.

3. Conclusions and Future Work

This paper proposes an initial framework for ontology-mediated monitoring of BD patient behaviours
using temporal DL. Given the clinical complexity of BD, our goal is to assess whether the proposed
DL-MITL logic is sufficiently expressive to represent behavioural patterns reported in clinical studies
as well as those emerging from patients’ everyday activities. To this end, we plan to evaluate the
framework in collaboration with domain experts, with a particular focus on reliability, ontology-
driven explainability [22], and ethical concerns. If the framework proves useful in practice, its formal
foundations will require a more in-depth investigation. One particularly relevant direction concerns
the computational complexity of the monitoring task. As discussed in the paper, an open question is
how to efficiently combine backward- and forward-chaining reasoning techniques with existing MITL
monitoring methods. Furthermore, our study lays the foundation for a more systematic investigation of
the runtime monitoring problem (in which judgments must be provided with respect to all possible



extensions of a partially observed execution trace). Adapting the proposed techniques to runtime
settings would enable on-the-fly and more fine-grained classification of behavioural episodes.
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