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Abstract

Background: Prescribing information for antipsychotic medications is predom-
inantly recorded in unstructured clinical text, preventing large-scale analysis
of treatment trajectories. We developed and validated a framework integrat-
ing natural language processing (NLP) and change-point detection (CPD) to



reconstruct longitudinal antipsychotic treatment episodes from electronic health
records (EHRs).

Methods: We analysed EHRs from 12,530 patients with schizophrenia-spectrum
disorders (ICD-10 F20-F29) at the South London and Maudsley NHS Founda-
tion Trust (2007-2017). Antipsychotic mentions were extracted using a validated
NLP pipeline and modelled as categorical time series; the Pruned Exact Lin-
ear Time (PELT) algorithm detected episode boundaries. Performance was
evaluated against 113 manually annotated episodes from 50 patients. Associa-
tions between treatment-episode metrics and healthcare utilisation were assessed
using generalised linear models adjusted for age at onset, gender, ethnicity, and
diagnosis.

Results: The algorithm achieved an F1 score of 0.81 against manual annotations.
Across 11,731 patients, 24,648 treatment episodes were identified. Combined
antipsychotic use was detected in 31.7% of episodes (1,989 transition over-
laps; 5,827 concurrent therapy). Clozapine users had more treatment episodes
than non-clozapine users (mean 3.3 vs. 1.9), consistent with clinical expecta-
tions. Higher combination-prescribing rates and more pre-clozapine episodes were
positively associated with hospital admissions and inpatient stays; a higher pro-
portion of long-acting injectable (LAI) episodes was associated with reduced
service use.

Conclusions: This NLP-CPD framework provides a scalable approach to recon-
structing antipsychotic treatment trajectories from unstructured EHRs. Derived
episode metrics demonstrate clinical validity and reveal associations between
treatment complexity and healthcare utilisation, offering a generalisable architec-
ture for prescribing quality monitoring and automated identification of treatment
resistance.

Keywords: antipsychotic episodes, change-point detection, natural language
processing, antipsychotic prescription, electronic health records

1 Background

Antipsychotic medications are the cornerstone of treatment for schizophrenia and
related psychotic disorders, yet real-world prescribing frequently deviates from guide-
line recommendations [1, 2]. Guidelines recommend a stepwise response to inadequate
treatment: optimising the dose, switching to an alternative agent, and, once treat-
ment resistance is established after at least two unsuccessful trials, initiating clozapine;
concurrent use of multiple antipsychotics (polypharmacy) is generally discouraged
[3-5]. Despite these recommendations, polypharmacy occurs in 20% to 50% of cases
[6-8], clozapine initiation is frequently delayed [9, 10], and medication switching is
particularly common among patients with treatment-resistant schizophrenia (TRS)
[11, 12] — deviations associated with poorer patient outcomes and higher service utili-
sation. Systematically characterising these treatment trajectories is therefore essential
for understanding where and why prescribing diverges from best practice, and what
consequences follow.



However, clinicians predominantly document prescribing information in unstruc-
tured clinical text rather than structured fields, which limits large-scale analysis
[13, 14]. This is especially pronounced in mental health services, where narrative
notes capture prescribing decisions, clinical rationale, and longitudinal context that
are rarely coded in structured form [13]. Even in healthcare systems with com-
prehensive structured prescription registers, such as those in Nordic countries [15],
identifying treatment episodes from individual prescription records remains challeng-
ing: structured data capture discrete dispensing events but lack explicit information
on treatment continuity, forcing researchers to apply arbitrary gap thresholds to infer
episode boundaries. Existing approaches to constructing episodes from structured data
include rule-based episode construction [16, 17], waiting-time distribution inference
[18], prescription-to-drug-use modelling [19], and clustering algorithms [20]; Segev et
al. [21] recently validated a methodology specifically for identifying clozapine treat-
ment periods within EHRs. However, such methods rely on predefined thresholds or
assumptions that may not reflect real-world adherence or flexible prescribing prac-
tices, and are sensitive to missing or delayed records. Previous studies have therefore
relied on manually compiling treatment episodes from free text [2, 4, 22] or clinician
surveys [23], approaches that are labour-intensive and difficult to scale.

Recent studies have applied NLP to identify medication mentions from EHRs
[12, 24], but these approaches capture discrete mentions rather than reconstructing
longitudinal treatment trajectories; aggregating such mentions into episodes intro-
duces noise from early or late references, routine medication reviews, and overlapping
polypharmacy, which can obscure the true timing and continuity of prescribing.
While state-of-the-art large language models (LLMs) have shown promise in clinical
text analysis, with health system-scale models such as NYUTron [25] and trajec-
tory frameworks such as EHR2Path [26] demonstrating potential for predictive tasks,
their application to medication trajectory reconstruction faces substantial barriers.
High operational costs and stringent privacy requirements, including the risk of
data memorisation and hallucination of clinical facts, limit deployment in routine
care [27]. Furthermore, LLMs frequently struggle with temporal consistency in clin-
ical narratives, compounded by the scarcity of high-quality longitudinal training
data required for complex temporal reasoning [28-30]. Consequently, mention-based
extraction alone remains vulnerable to documentation noise, such as routine medica-
tion reviews or duplicate references, leaving a methodological gap that more robust
temporal modelling can address.

We propose a framework that integrates NLP with change-point detection (CPD)
to identify antipsychotic medication start and stop points from unstructured clinical
text. NLP extracts medication mentions from EHRs, which are modelled as a time
series; CPD then detects distributional shifts in that series to identify points where
one treatment replaces another [31]. CPD methods have been widely adopted to iden-
tify distributional shifts in sequential data across domains such as signal processing,
finance, and bioinformatics [31, 32]; prior applications to medical and behavioural time
series include sequence behaviour change detection using nonhomogeneous Markov
models [33] and causal discovery-driven CPD for multivariate distributions [34]. Unlike
rule-based thresholding, dynamic programming frameworks such as the Pruned Exact



Linear Time (PELT) algorithm [35] enable optimal, computationally efficient O(N)
change-point detection without requiring the number of change points to be spec-
ified in advance. Despite these advances, applying CPD to reconstruct continuous
antipsychotic treatment episodes directly from NLP-extracted EHR mentions remains
unexplored.

The automated identification of treatment episodes from unstructured clinical text
has direct applications in both clinical care and research. In clinical practice, such
methods could support medication review systems that flag patients who may benefit
from treatment optimisation. For research, they enable cohort identification based on
detailed medication history criteria without requiring manual chart review. Applying
this framework to EHR data from the South London and Maudsley NHS Founda-
tion Trust (SLaM), one of the UK’s largest mental health trusts, we demonstrate a
scalable approach to reconstructing antipsychotic treatment episodes. We validate the
method’s performance and examine real-world treatment patterns, including switching
behaviours, combined antipsychotic use, and associations with healthcare utilisation.

2 Methods

2.1 Data collection

We analysed EHRs from the South London and Maudsley NHS Foundation Trust
(SLaM), one of the UK’s largest mental health providers, serving a local population
of approximately 1.3 million people in South London. We accessed all data via the
Clinical Record Interactive Search (CRIS) platform, a de-identified research database
and governance framework that enables secure use of SLaM EHR data for research
purposes [36].

As defined in our previous work [37], our study cohort comprised all patients
diagnosed with schizophrenia, schizotypal, or delusional disorders (ICD-10 codes F20—
F29) between 1 January 2007 and 31 December 2017. Eligible patients were those
who received at least one antipsychotic prescription during this period and who were
either residing within the SLaM catchment area or homeless but receiving care from
SLaM services at the time of their first prescription. For each patient, we extracted all
records referencing antipsychotic medication between 1 January 2007 and 1 October
2023, encompassing both structured prescription fields and unstructured clinical text,
along with all hospital admission records up to the same date.

2.2 Medication timeline

To construct a comprehensive longitudinal profile of antipsychotic exposure, we inte-
grated structured prescription data with unstructured medication mentions extracted
via NLP. While structured pharmacy records capture dispensing details — includ-
ing medication name, formulation, strength, quantity dispensed, and dispense date —
they do not record medication start or end dates, making it impossible to directly
infer treatment episodes from structured data alone. Free-text clinical notes provide
richer information, including prescribing rationale, treatment continuity, and treat-
ment responses such as adverse drug events; however, the temporal information derived



from NLP is inherently noisy. Clinical notes frequently reference medications outside
the context of current active use: a note may discuss a patient’s historical medica-
tion, consider a hypothetical or planned future treatment, or replicate content through
copy-and-paste from prior entries. Consequently, the date of a clinical document does
not reliably indicate when a medication was started or discontinued, and raw NLP-
extracted mentions cannot be used directly to define episode boundaries without
further temporal modelling.

The NLP model has been validated in previous studies for extracting antipsychotic
information from SLaM EHRs [24, 38]. The pipeline processed raw narrative notes,
hospital discharge summaries, and clinical correspondence to identify antipsychotic
mentions, using a combination of rule-based pattern matching and lexical analysis to
map synonyms, misspellings, and proprietary drug names to a standardised pharma-
cological vocabulary. Once a mention was detected, the surrounding text was parsed to
resolve drug attributes — such as formulation and dose — and align them with structured
metadata. For each integrated medication event, the pipeline produced a structured
tuple comprising the standardised medication name, formulation (oral or long-acting
injectable [LAI]), recorded dose, and the date of the source document or prescrip-
tion. This document date serves as an approximate temporal anchor but, as described
above, does not reliably mark when a medication was started or stopped; episode
boundary identification therefore requires further temporal modelling, described in
the next section.

2.3 Episode identification

We define an antipsychotic treatment episode as a period during which a patient
receives a specific antipsychotic medication, from the first recorded mention to either
discontinuation or a switch to another agent. Identifying such episodes from EHR
data is challenging because no structured fields explicitly record episode start and end
dates, and prior approaches, relying either on structured prescription data alone [4]
or on manual coding from free text [11, 37], do not scale to large cohorts.

Here, we propose a scalable informatics approach that applies CPD to time-series
representations of antipsychotic records to automatically identify episode boundaries.
Fig. 1 illustrates the process. For each patient, we formalised their longitudinal medi-
cation records as a discrete time series S = {(t;,m;)}}¥,, where t; is the timestamp of
the i-th clinical document and m; is the categorical medication variable extracted via
NLP. By default, m; corresponds to the medication name, though the operationalisa-
tion of S can be adapted to other clinical phenotypes; for example, m; can be expanded
to represent medication-formulation pairs to detect switches between oral and long-
acting injectable (LAI) regimens. Since CPD algorithms conventionally operate on
numerical sequences, we mapped the categorical states m; to distinct numerical val-
ues based on their first appearance in the sequence. To ensure sufficient data density
for algorithm convergence, we restricted our analysis to patients with NV > 5 records.

We applied the Pruned Exact Linear Time (PELT) algorithm to detect abrupt
shifts in the statistical properties of S, indicative of genuine treatment transitions. We
selected PELT for its computational efficiency: unlike binary segmentation or standard
dynamic programming, which scale poorly with sequence length or require the number
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Fig. 1 Data flow in antipsychotic episode identification. Unstructured clinical free text is processed
using natural language processing to extract antipsychotic drug mentions. These are then combined
with structured prescribing and dispensing records to create a single chronological timeline for each
patient. Each point represents an antipsychotic medication record on a given date. A change-point
detection algorithm analyses the temporal density of these records to identify dates when prescribing
patterns change, indicated by dashed red lines.

of change points to be specified a priori, PELT incorporates a pruning mechanism that
achieves O(N) expected time complexity [32, 35]. Mathematically, for a sequence of
length N, the algorithm identifies a set of K change points 7 = (79,71, ..., 7K ) with
0=7 <7 <+ <7Trg < Trg41 = N, by minimising the penalised cost function:

K+1

mTin Z C(Sri_y:r) + BK, (1)
i=1

where C is a segment-specific cost function and g is the penalty parameter. We used a
radial basis function (RBF) kernel as C, which captures non-parametric distributional
shifts within the categorical medication state space. The algorithm determines the
optimal partition by iteratively minimising this cost function; central to its efficiency
is a pruning condition whereby any candidate change point whose cumulative cost
exceeds the running minimum is permanently discarded.

Episode demarcation is governed by two key hyperparameters: (1) the penalty
parameter (), which controls the trade-off between detecting true medication transi-
tions and overfitting to documentation noise; and (2) the min_size parameter, which
enforces a minimum segment length between change points, ensuring that detected
episodes reflect sustained treatment periods rather than isolated mentions.

2.4 Detection of combined antipsychotic use

Clinical guidelines generally recommend antipsychotic monotherapy, but multiple
antipsychotics are often prescribed concurrently in practice, a pattern referred to
as antipsychotic polypharmacy [8]. To characterise these patterns, we distinguished



between two types of combined use: temporary overlaps during medication switch-
ing (transition overlap) and sustained combination therapy (concurrent therapy). We
applied complementary rule-based procedures to identify each pattern.

Transition overlap (cross-titration): When switching between antipsychotics,
clinicians often overlap medications temporarily to ensure therapeutic continuity while
minimising withdrawal effects. To detect these transitions, we examined a 28-day win-
dow (£14 days) around each detected episode changepoint. We defined a transition
overlap when: (i) both the previous and new antipsychotic were mentioned at least
twice within this window; and (ii) the previous antipsychotic continued to be men-
tioned for at least 7 days after the new antipsychotic was initiated, confirming genuine
temporal overlap rather than coincidental documentation.

Concurrent therapy (intentional combination): Beyond transition periods,
we assessed whether patients received multiple antipsychotics as sustained combina-
tion therapy within stable treatment episodes. We defined a concurrent therapy period
when a second antipsychotic was mentioned at least three times during an episode, or
at least once per month of the episode’s duration, a criterion designed to distinguish
intentional co-prescription from short-term adjunctive use or documentation artefacts.

2.5 Model validation
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Fig. 2 Interface for annotating medication episodes. Top left: number of mentions of each medication
over time. Top right: recorded dose over time; bars of different colours indicate different medications
and red vertical lines indicate pre-annotated change points. Bottom: source data for each medication
mention, including documentation date, source table, and text snippets.

To validate the CPD algorithm and optimise its hyperparameters, we manually
annotated 113 treatment episodes from a random sample of 50 patients drawn from
the full cohort of individuals with at least 5 antipsychotic records. To streamline the
annotation process, we developed a web interface based on Elasticsearch and Kibana



within the CogStack framework [39], a clinical information extraction and retrieval
system. We applied the CPD algorithm to pre-annotate medication time series for
each patient; these results were ingested into an Elasticsearch database and visualised
through a Kibana dashboard alongside raw structured prescribing fields and relevant
text snippets (Fig. 2). When annotators identified discrepancies in episode start dates,
they recorded the corrected dates in a spreadsheet.

Although we developed the bespoke annotation system for model validation,
manual annotation remains labour-intensive and cannot scale to the full cohort;
we therefore performed a complementary known-groups validation to assess the
clinical validity of the algorithm at scale. We compared treatment episode counts
between clozapine and non-clozapine users: since clozapine is indicated for TRS fol-
lowing inadequate response to at least two prior antipsychotic trials, clozapine users
should demonstrate more treatment episodes than non-clozapine users. This known-
groups comparison provides evidence that the algorithm captures clinically meaningful
treatment trajectories without requiring exhaustive manual review.

2.6 Data analyses

Having validated the algorithm, we conducted two sets of analyses. First, we descrip-
tively characterised the treatment patterns identified by the pipeline to assess their face
validity against known clinical patterns. Second, we examined associations between
the derived treatment-episode metrics and healthcare utilisation to demonstrate their
downstream clinical utility.

Descriptive characterisation of treatment patterns. Patient characteristics
were summarised, including age at first psychotic diagnosis (ICD-10 codes F20-F29),
gender, ethnicity, primary diagnosis, number of hospital admissions, and total admis-
sion days. Treatment episodes were descriptively analysed to examine antipsychotic use
trajectories, medication switching patterns, combined antipsychotic use, and episode
count distributions.

Associations between treatment patterns and service use. We examined
associations between antipsychotic treatment episode characteristics and healthcare
utilisation, measured as the number of hospital admissions and total inpatient days.
Treatment characteristics captured four dimensions: switching speed (mean episode
duration per patient); recent treatment stability (duration of the most recent episode,
its medication class, and formulation); treatment complexity (combination prescribing
rate, defined as the proportion of episodes involving multiple antipsychotics); and
treatment history (number of episodes prior to clozapine initiation; for patients who
never initiated clozapine, this was their total episode count). We additionally included
the number of LAI episodes and the LAI rate (proportion of episodes involving a
long-acting injectable [LAI] agent) to assess the role of formulation. Associations were
tested using generalised linear models (GLMs), adjusting for age at onset, gender,
ethnicity, and diagnosis. All analyses were conducted in Python (version 3.9.7) using
the statsmodels package (version 0.13.1).



3 Results

3.1 Cohort characteristics

The cohort comprised 12,530 patients with schizophrenia-spectrum disorders
(Table 1). The mean age at first psychotic diagnosis was 42.9 years (SD = 16.6).
Males comprised 57.0% of the cohort. The largest ethnic groups were Black (44.1%)
and White (38.4%). Schizophrenia (ICD-10 code F20) was the most common diagno-
sis (51.2%), followed by other/unspecified psychotic disorders (F28-F29, 16.9%) and
acute psychotic disorders (F23, 14.2%). Overall, 61.3% of patients had at least one hos-
pital admission, with a mean of 3.2 admissions (SD = 3.3) and a mean total inpatient
duration of 259.0 days (SD = 438.2).

Table 1 Patient characteristics

Variable All patients (N = 12,530)
Age of onset (years), mean (SD) 42.9 (16.6)
Gender

Male, n (%) 7,138 (57.0%)

Female, n (%)

5,392 (43.0%)

Ethnicity
White, n (%)
Black, n (%)
Asian, n (%)
Mixed, n (%)
Other, n (%)
Unknown, n (%)

4,808 (38.4%)

5,527 (44.1%)
1,038 (8.3%)
342 (2.7%)
650 (5.2%)
165 (1.3%)

First psychotic diagnosis
F20 (Schizophrenia), n (%)
F28-F29 (Other/Unspecified), n (%)
F23 (Acute psychotic), n (%)
F25 (Schizoaffective), n (%)
F22-F24 (Delusional), n (%)
F21 (Schizotypal), n (%)

6,419 (51.2%)
2,113 (16.9%)
1,781 (14.2%)
1,326 (10.6%)
813 (6.5%)
78 (0.6%)

Hospital admissions
Patients with admissions, n (%)
Number of admissions, mean (SD)
Duration (days), mean (SD)

7,679 (61.3%)
3.2 (3.3)
259.0 (438.2)

Clozapine use
Patients prescribed clozapine, n (%)

2,017 (16.1%)

SD, standard deviation.

3.2 Performance of episode identification

To validate the CPD algorithm, two reviewers (TW and HM) independently anno-
tated 113 treatment episodes from 50 patients, achieving an inter-rater agreement of



93.8%. Discrepancies were resolved through discussion with the broader team. Fig. 3
illustrates F1 scores of the PELT algorithm across parameter settings, benchmarked
against manual annotations. We defined true positives as true change points with
an estimated counterpart within a 14-day margin. The algorithm achieved its best
performance at min_size=2 and penalty=7, yielding an F1 score of 0.81.

0.822 0820 0814 0802 g06

ﬁ 0.365 0.450 0.454 0.480 0.504 0.474

o7 687(0.720 0.74: 756

2

-0.6

Best F1 Score
F1 Score

Penalty Parameter

Kernel Type Minimum Segment Size

(a) (b)

Fig. 3 Change-point detection performance across kernels and hyperparameter settings. (a) Best
F1 score achieved by each candidate kernel; the radial basis function (RBF) kernel was selected for
its superior performance in preliminary analyses. (b) F1 scores of the PELT algorithm with the RBF
kernel under various penalty and min_size settings. Low penalty values produce numerous false change
points; excessively high penalties miss true change points. When min_size=n, all detected change
points are separated by at least n samples. The algorithm was implemented using the ruptures library
[32].

Error analysis identified three recurring error types: (i) Medication restarts (n=6):
the algorithm failed to recognise medication restarts, where a medication was stopped
and later resumed, as separate episodes. (ii) Sparse records (n=4): limited avail-
ability of medication records hindered episode detection. (iii) Polypharmacy (n=3):
the algorithm was less sensitive to changes involving transient adjunctive prescrib-
ing, such as aripiprazole added alongside risperidone to manage antipsychotic-induced
hyperprolactinaemia.

3.3 Known-groups validation

The CPD algorithm identified 24,648 treatment episodes across 11,731 patients.
Fig. 4(a) shows the distribution of treatment episodes by clozapine use. Most patients
experienced relatively few episodes, with a mean of 3.3 (SD = 2.0) among the 2,017
clozapine users with at least five medication records and 1.9 (SD = 1.0) among the
9,714 non-clozapine users with at least five records. As clozapine is indicated for TRS
following inadequate response to at least two prior antipsychotic trials, the higher
episode count among clozapine users is consistent with clinical expectations, providing
evidence that the algorithm captures clinically meaningful treatment trajectories.
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3.4 Episode characteristics
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Fig. 4 Characteristics of the identified antipsychotic treatment episodes. (a) Number of antipsychotic
episodes, grouped by patients prescribed with clozapine or not. (b) Mean episode duration for each
medication with 95% confidence intervals (CIs). The value of n in parentheses indicates the number of
patients with at least one episode of that medication. (c) Antipsychotic medication choice by episode
order.

Fig. 4(b) shows episode durations by medication; oral and LAI formulations of the
same medication are distinguished given differences in dosing frequency and duration
of action. Clozapine had the longest mean episode duration at 76.8 months (95% CI:
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73.9-79.6). Several typical antipsychotics commonly administered as LAIs, including
fluphenazine, flupentixol, zuclopenthixol, and pipotiazine, also had prolonged mean
episode durations.

In total, 12,917 medication switches were identified across episode sequences.
Fig. 4(c) presents a heatmap of medication sequence across treatment trajectories.
Olanzapine was the most common first-line antipsychotic, followed by risperidone and
aripiprazole. Paliperidone was most commonly used as a second-line agent. Across all
treatment stages, clozapine, aripiprazole, and zuclopenthixol appeared in the widest
range of treatment orders. The most common switch was from olanzapine oral to arip-
iprazole oral, followed by risperidone oral to paliperidone LATI and olanzapine oral to
risperidone oral (Fig. 5).
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Fig. 5 Common switch patterns between two consecutive antipsychotic episodes.

We identified combined antipsychotic use in 7,816 episodes, representing 31.7% of
all episodes and 25.6% of patients. Of these, 1,989 episodes were classified as tran-
sition overlaps and 5,827 as concurrent therapy. Fig. 6 illustrates the most frequent
medication combinations within each category. The most common transition-overlap
patterns involved switches from risperidone to paliperidone and from olanzapine to
aripiprazole. Concurrent-therapy combinations most frequently included olanzapine
prescribed alongside other agents, particularly aripiprazole and risperidone.
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Top 10 Medication Combinations: Transition Overlap

Risperidone Oral = Paliperidone LAI
Aripiprazole Oral = Aripiprazole LAl
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Top 10 Medication Combinations: Concurrent Therapy
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Medication Combination

o
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Number of Occurrences

250

Fig. 6 Common combinations of concurrently prescribed antipsychotics. Combinations are shown
separately for transition overlap (where the first medication was switched to the second) and concur-
rent therapy (where a second medication was added to the primary medication).
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Fig. 7 Regression results between service use and patient characteristics.
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3.5 Treatment episodes and service use

Fig. 7 shows regression results for associations between treatment-episode patterns
and service use, adjusted for age at first psychotic diagnosis, gender, ethnicity, and pri-
mary diagnosis. Both the combination prescribing rate and the number of treatment
episodes prior to clozapine initiation were positively associated with higher hospi-
tal admission counts and longer cumulative inpatient stays. The absolute number of
LAI episodes was positively associated with service use, whereas a higher propor-
tion of LAI episodes relative to total episodes was associated with reduced service
use. Quicker switching (shorter mean episode duration) and stable use (longer dura-
tion of the final episode) were not significantly associated with service use. Compared
with the reference diagnosis of schizophrenia (F20), patients with schizoaffective dis-
order (F25) had more frequent hospital admissions and longer cumulative admission
stays, whereas other diagnostic categories generally showed lower admission rates and
shorter durations. Relative to the White reference group, patients of Black ethnicity
had higher service utilisation. Female patients had slightly shorter admission durations
than males, although admission counts did not differ significantly by gender.

4 Discussion

This study demonstrates a scalable biomedical informatics pipeline for reconstructing
longitudinal antipsychotic treatment trajectories directly from unstructured clinical
notes. By integrating NLP for entity extraction with CPD for temporal sequence
modelling, we address a longstanding methodological limitation in EHR research: the
absence of structured prescribing continuity data.

The NLP-CPD pipeline achieves an F1 score of 0.81 by separating genuine clini-
cal transitions from documentation artefacts, a task that manual abstraction [2, 22]
and structured-data methods reliant on arbitrary refill-gap assumptions [16] cannot
perform at scale. To the best of our knowledge, this is the first study to apply CPD
to reconstruct antipsychotic treatment episodes from NLP-extracted EHR narratives;
prior CPD applications to medical time series have addressed broader behavioural
change detection [33, 34] rather than medication episode reconstruction. PELT’s tun-
able penalty parameter § is central to this: it suppresses false change points arising
from isolated medication mentions while remaining sensitive to sustained treatment
transitions. This modular approach is generalisable; it requires only categorical time-
series inputs and can be adapted to reconstruct treatment trajectories for other chronic
conditions beyond schizophrenia. Potential applications include prescribing quality
dashboards, automated cohort phenotyping, and clinical decision support systems that
flag patients meeting criteria for treatment resistance.

Beyond methodological validation, our findings replicate and extend established
clinical knowledge. We confirmed known patterns of antipsychotic prescribing, includ-
ing the predominance of olanzapine, risperidone, and aripiprazole as first- and
second-line agents [40-42]. The pipeline distinguished sustained concurrent therapy
from expected cross-titration overlaps. For example, transitions from risperidone to its
active metabolite paliperidone [1] — identifying combined antipsychotic use in 31.7%
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of episodes. This distinction has direct clinical relevance: cross-titration overlaps rep-
resent planned pharmacological transitions, whereas concurrent therapy reflects a
deliberate prescribing decision that guidelines generally discourage.

We used generalised linear modelling to demonstrate how algorithmic outputs,
derived metrics of treatment complexity, transition frequency, and combination pre-
scribing, can be integrated into downstream statistical analyses. A higher combination
prescribing rate and a greater number of pre-clozapine episodes were each associated
with higher hospital admission counts and longer inpatient stays. This aligns with
prior literature indicating that delayed treatment optimisation burdens healthcare
resources [12, 43|, and our approach enables these associations to be measured con-
tinuously from routine clinical data rather than through retrospective manual cohort
abstraction. Future integration of this framework into live clinical environments could
operationalise these longitudinal patterns in real time, converting clinical notes into
alerts for emerging treatment resistance and elevated healthcare utilisation risk.

Several limitations must be acknowledged. First, the pipeline’s accuracy depends
on the upstream NLP entity extraction phase; persistent false negatives or misat-
tributed contexts (e.g., hypothetical or negated mentions) can propagate into the CPD
model, occasionally leading to misclassified episode boundaries. Second, applying this
algorithm across fragmented healthcare networks, such as between primary and spe-
cialised care, may introduce temporal gaps that violate the continuity assumptions
of the CPD model. Third, the NLP and CPD models were parameterised on a single
mental health trust’s terminology and may require recalibration for different docu-
mentation styles. Fourth, as with all observational studies, the data preclude causal
interpretation of the associations reported.

Future research should explore integrating LLMs to perform direct temporal
grounding, potentially bypassing rule-based entity extraction pipelines, or extending
the CPD framework to support online change-point detection as new clinical notes are
recorded. Emerging methods in causal inference for EHR data, such as synthetic data
generation [44, 45], could use these algorithmic outputs to simulate counterfactual
treatment trajectories.

5 Conclusions

This study demonstrates a scalable informatics framework that integrates NLP with
change-point detection to reconstruct longitudinal antipsychotic treatment trajectories
from unstructured EHR text. Applied to 12,530 patients with schizophrenia-spectrum
disorders, the pipeline identified 24,648 treatment episodes, characterised switching
patterns and combined antipsychotic use, and revealed that higher combination-
prescribing rates and a greater number of pre-clozapine episodes are associated
with increased hospital admissions and longer inpatient stays. This data-driven
approach overcomes the limitations of manual chart review and standalone entity
extraction, offering a generalisable architecture that can support downstream clini-
cal decision-making and enable continuous monitoring of population-level prescribing
behaviours.
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