Open access Original research

Explainable and externally validated
machine learning for neurocognitive

General Psychiatry

To cite: Lopez Alcaraz JM,
Oloyede E, Taylor D, et al.
Explainable and externally
validated machine learning

for neurocognitive diagnosis

via ECGs. General Psychiatry
2025;38:¢102107. doi:10.1136/
gpsych-2025-102107

» Additional supplemental
material is published online only.
To view, please visit the journal
online (https://doi.org/10.1136/
gpsych-2025-102107).

Received 04 March 2025
Accepted 14 September 2025

| '.) Check for updates

© Author(s) (or their
employer(s)) 2025. Re-use
permitted under CC BY-NC. No
commercial re-use. See rights
and permissions. Published by
BMJ Group.

'Al4Health Division, Carl von
Ossietzky Universitat Oldenburg,
Oldenburg, Germany

%Pharmacy Department,
Maudsley Hospital, London, UK
3Department of Psychiatry,
University of Oxford, Oxford, UK
“Institute of Pharmaceutical
Sciences, King’s College London,
London, UK

SDepartment of Cardiology,
German Heart Center of the
Charité, Berlin, Germany

Correspondence to
Professor Nils Strodthoff;
nils.strodthoff@uol.de

diagnosis via ECGs

Juan Miguel Lopez Alcaraz
Wilhelm Haverkamp,® Nils Strodthoff’

ABSTRACT

Background Electrocardiogram (ECG) analysis has
emerged as a promising tool for detecting physiological
changes linked to non-cardiac disorders. Given the close
connection between cardiovascular and neurocognitive
health, ECG abnormalities may be present in individuals
with co-occurring neurocognitive conditions. This
highlights the potential of ECG as a biomarker to improve
detection, therapy monitoring and risk stratification in
patients with neurocognitive disorders, an area that
remains underexplored.

Aims We aimed to demonstrate the feasibility of
predicting neurocognitive disorders from ECG features
across diverse patient populations.

Methods ECG features and demographic data were

used to predict neurocognitive disorders, as defined by
the International Classification of Diseases 10th revision,
focusing on dementia, delirium and Parkinson’s disease.
Internal and external validations were performed using the
Medical Information Mart for Intensive Care IV and ECG-
View datasets. Predictive performance was assessed by
the area under the receiver operating characteristic curve
(AURQC) scores, and Shapley values were used to interpret
feature contributions.

Results Significant predictive performance was observed
for several neurocognitive disorders. The highest predictive
performance was observed for FO3: dementia, with an
internal AUROC of 0.848 (95% confidence interval (Cl)
0.848 to 0.848) and an external AUROC of 0.865 (95% Cl
0.864 t0 0.965), followed by G30: Alzheimer’s disease,
with an internal AURQOC of 0.809 (95% CI 0.808 to 0.810)
and an external AUROC of 0.863 (95% Cl 0.863 to 0.864).
Feature importance analysis revealed both established and
novel ECG correlates.

Conclusions These findings suggest that ECG holds
promise as a non-invasive, explainable biomarker

for selected neurocognitive disorders. This study
demonstrates robust performance across cohorts and lays
the groundwork for future clinical applications, including
early detection and personalised monitoring.

INTRODUCTION

Clinical relevance

Neurocognitive disorders are among the
most challenging diseases, disrupting the
lives of those affected and placing a consid-
erable burden on caregivers and healthcare

,' Ebenezer Oloyede,?® David Taylor,>*

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Electrocardiogram (ECG) abnormalities have been
explored as potential biomarkers for neurocognitive
disorders, but their diagnostic value has not been
thoroughly investigated. Recent studies have only
begun to examine these abnormalities in exploratory
analyses to identify potential associations.

WHAT THIS STUDY ADDS

= This study demonstrates that ECG features can ef-
fectively predict neurocognitive disorders, extend-
ing beyond their traditional use as biomarkers for
cardiac conditions. The findings show high predic-
tive performance across both internal and external
datasets. Additionally, the use of an explainable
approach allows for a deeper understanding of
the associations between specific ECG features
and neurocognitive disorders, confirming existing
knowledge while also providing new insights. This
research sheds light on the physiological changes
that may underlie the interplay between cardiac fea-
tures and neurocognitive disorders.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= This work lays the foundation for integrating ECG
into the diagnosis and monitoring of neurocognitive
disorders. It presents a non-invasive, cost-effective
tool that could aid as a companion tool in more
efficient detection and personalised therapy man-
agement in clinical settings, with the potential to
transform both research and clinical practices.

systems.! Conditions such as Alzheimer’s
disease® and Parkinson’s disease cause
progressive cognitive and motor decline,
severely limiting patients’ independence and
quality of life.” Other disorders like symptom-
atic dementia and delirium further impair
mental health, often causing confusion,
memory loss and significant behavioural
changes." Early diagnosis is crucial to effec-
tively manage these diseases. However,
current diagnostic methods can be complex,
costly and sometimes inaccessible.” Differen-
tial diagnosis is further complicated by the
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fact that these disorders are closely interrelated, as they
share common neurobiological pathways, genetic factors
and overlapping cognitive, affective and behavioural
symptoms. These overlaps also challenge patient manage-
ment, highlighting the need for integrated, multidisci-
plinary approaches in neurocognitive care.’

Emerging role of Electrocardiogram (ECG) beyond cardiology
ECG is well-established as a critical tool in cardiology,
used primarily to detect and monitor cardiac disorders
by measuring the electrical activity of the heart. ECGs
provide vital information about heart rhythms, helping to
identify issues such as arrhythmias, ischaemia and other
cardiac abnormalities.” Recent advancements in data
analysis and machine learning have enabled novel uses
of ECGs in predictive modelling applications across fields
beyond cardiology, such as estimating laboratory values®
and predicting patient deterioration in emergency
departments.’

Emerging role of neurocardiology

The potential link between ECG abnormalities and
neurocognitive disorders is an emerging area of study.
Growing evidence highlights the complex interplay
between cardiovascular and mental health, under-
scoring the importance of early detection and inte-
grated care strategies. For example, depression is
often accompanied by cardiovascular manifestations,
and treatment responses can differ depending on
the underlying physiological patterns.'’ In parallel,
substantial gaps persist between clinical guidelines
and practice in the monitoring of cardiometabolic
risk among patients treated with antipsychotics,
despite cardiovascular disease being a leading cause
of mortality in this population."’ Novel approaches
such as virtual reality-based psychological interven-
tions have also demonstrated benefits in reducing
anxiety following acute myocardial infarction, illus-
trating how digital solutions can complement cardio-
vascular care.'”” Furthermore, neurodegenerative
disorders, particularly Parkinson’s disease, can impair
autonomic regulation," leading to measurable alter-
ations in heart rate variability and ECG profiles.
Relatedly, psychiatric syndromes such as dementia
and delirium have been linked with cardiac dysfunc-
tion,"* suggesting that disturbances in neural and
cardiovascular systems may share common physiolog-
ical pathways.

Current diagnostic practices

To date, few studies have explored the diagnostic
utility of ECG for neurocognitive disorders. A retro-
spective study linked specific ECG features to incident
dementia and modestly improved risk prediction,
but it lacked machine learning to model complex
patterns and did not validate findings across inde-
pendent cohorts, limiting generalisability."” Another
study showed that ECG-derived heart rate variability

could detect autonomic dysfunction in patients with
rapid eye movement sleep behaviour disorder, an
early sign of Parkinson’s disease, but it was limited by
its small sample size, lacked broader validation and
did not confirm progression to Parkinson’s.'® Simi-
larly, a recent study used machine learning to predict
neurological outcomes after cardiac arrest; however,
it relied on a single dataset, required EEG for strong
performance since ECG-only models underperformed
and used synthetic data that may not reflect real-world
populations.'”

Contributions

Based on these observations, this study investi-
gates whether machine learning models trained on
ECG data and basic demographic information can
accurately identify specific neurocognitive disor-
ders, including dementia (Alzheimer’s disease and
unspecified dementia), delirium and Parkinson’s
disease. We developed and validated models capable
of distinguishing these conditions, demonstrating
strong performance across both internal and external
datasets. In addition, we provided transparent and
explainable insights into the ECG features contrib-
uting to each diagnostic category. Our findings
highlight the potential of ECG as a clinically useful,
low-cost and non-invasive diagnostic support tool in
neurocognitive care, either as a standalone method
or, more conservatively, as a complement to existing
diagnostic practices. To our knowledge, this is the
first study to apply explainable machine learning to
ECG data for diagnosing these disorders, with valida-
tion across diverse clinical populations confirming its

applicability.

METHODS

Dataset

The Medical Information Mart for Intensive Care
IV-ECG (MIMIC-IV-ECG) dataset served as our
internal dataset, providing demographic and ECG
features used as input for training a tree-based model
to diagnose various neurocognitive disorders. For
external validation, we used a second patient cohort
from the ECG-View II dataset, extracting the same set
of features and neurocognitive targets. The disorders
are defined based on the International Classification
of Diseases, 10th revision, Clinical Modification (ICD-
10-CM) codes.

Figure 1 shows a schematic representation of our
proposed methodology. The primary dataset for
training and internal evaluation was obtained from
the MIMIC-IV-ECG database,18 192 subset of a large-
scale critical care dataset collected at the Beth Israel
Deaconess Medical Center (BIDMC) in Boston, Massa-
chusetts, USA. Itincludes data from patients admitted
to the emergency department and intensive care unit.
We included patients aged 18 years and older with at
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Figure 1
Information Mart for Intensive Care IV-ECG.

least one ECG record and corresponding discharge
diagnoses recorded using ICD-10-CM codes between
2008 and 2019. MIMIC-IV-ECG is a publicly avail-
able, de-identified dataset and thus individual patient
consent was not required. The use of this dataset was
approved by the institutional review boards of the
Massachusetts Institute of Technology and BIDMC
through Physionet.

External validation was performed using the ECG-
VIEW-II database,? which includes data from patients
at a South Korean tertiary teaching hospital. To create
a comprehensive and harmonised feature set, ECG
features from the MIMIC-IV dataset were aligned
with those from the ECG-VIEW-II database, where
the standardised feature set consists of ECG-derived
measurements such as RR interval (time between two
consecutive R-waves), PR interval (time from the onset
of the P-wave to the start of the QRS complex), QRS
duration (time for ventricular depolarisation), QT
interval (time from the start of the Q-wave to the end
of the T-wave), corrected QT interval (QTc) in milli-
seconds, as well as P-wave axis, QRS axis, and T-wave
axis in degrees, along with demographic attributes
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External database
ECG-View Il

Diagrammatic illustration of our proposed methodology. ECG, electrocardiogram; MIMIC-IV-ECG, Medical

(binary sex and age as a continuous variable) which
served as our secondary dataset for external valida-
tion. Inclusion criteria for ECG-VIEW-II followed
the same logic: adult patients (18+) with at least one
ECG record and corresponding ICD-10-CM diag-
nosis between 1994 and 2015. ECG-VIEW-II is also
a publicly available, de-identified dataset released
under institutional review board approval and thus
patient consent was not applicable. Target variables
are based on discharge diagnoses encoded using the
ICD-10-CM.?' We primarily investigated the following
disorders: G30: Alzheimer’s disease, G20: Parkinson’s
disease, FO1: vascular dementia, FO3: dementia and
FO05: delirium (physiological).

For the internal dataset, stratified folds were
created based on diagnoses, age and gender distribu-
tions, using an 18:1:1 split as described in previous
research.”” The external evaluation was performed
on the complete cohort. The training process empha-
sised MIMIC-IV-ECG due to its broader ethnic diver-
sity compared with ECG-VIEW-II, which improved the
model’s generalisation across various populations, as
shown in prior studies on cardiac disorders,” liver
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disorders®* and neoplasms.”” This strategy ensures
robust internal training and reliable external vali-
dation across ethnically and geographically diverse
cohorts.

Models and evaluation

In this study, we developed individual tree-based
models using Extreme Gradient Boosting (XGBoost)
to tackle binary classification tasks, with a distinct
model for each selected ICD-10-CM code. To avoid
overfitting, we applied early stopping with a patience
of 10 iterations on the validation fold during training.
No imputation was performed, as XGBoost inher-
ently handles missing data. Model performance was
assessed using the area under the receiver operating
characteristic curve (AUROC) on the validation fold.
We report AUROC scores for both the internal test set
and the external dataset, along with 95% confidence
intervals (CIs) calculated through empirical boot-
strapping with 1000 iterations. Model calibration was
assessed using calibration curves on the internal test
set. We applied a model-agnostic calibration approach
by fitting isotonic regression models on the validation
set and reporting the calibrated results on the test
set. Additionally, we evaluated clinical utility using
decision curve analysis, comparing our model’s net
benefit to standard strategies such as ‘refer all’ and
‘refer none’.*"

Explainability

Our objective goes beyond merely assessing model
performance. To gain deeper insights into the trained
models, we integrated SHapley Additive exPlanations
(SHAP) values into our workflow.?” These values
provide a method for evaluating feature importance
by measuring the individual contribution of each
feature to the model’s predictions.

Study protocol and reporting standards

This study follows a comprehensive protocol aligned
with established guidelines, including Transparent
Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis, Standards for
Reporting Diagnostic Accuracy Studies and Minimum
Information About Clinical Artificial Intelligence
Modelling. Detailed documentation is provided in the
online supplemental material.

Statistical analysis

Analyses were conducted in Python (V.3.10) with
XGBoost (V.1.7.4) and scikit-learn (V.1.1.3). Model
performance was evaluated using AUROC with 95%
CIs from 1000 bootstrap iterations. Model training
included an early stopping strategy of 10 iterations
on the validation fold, while calibration was assessed
via isotonic regression and visualised with calibration
curves. Decision curve analysis was applied to quantify
clinical utility, and no imputation was required given
the model’s handling of missing values.

Table 1 Descriptive statistics of the two ECG datasets,
MIMIC-IV-ECG and ECG-View I

Variable MIMIC-IV-ECG ECG-View Il
Gender (%)

Female samples 226 892 (48.509)

240 837 (51.491)

375 733 (48.448)
Male samples 399 802 (51.552)
Age (%)

Median years (IQR)

Quantile 1 age range

66 (25)
18-53 (23.830)

52 (25)
18-40 (24.030)

(%)

Quantile 2 age range 53-66 (25.160) 40-52 (25.750)
(%)

Quantile 3 agerange 66-78 (25.600) 52-65 (24.940)
(%)

Quantile 4 age range  78-101 (25.400) 65-109 (25.280)
(%)

ECG features median (IQR)

RR interval (ms) 769 (264) 857 (227)

PR interval (ms) 158 (38) 158 (28)

QRS duration (ms) 94 (23) 90 (14)

QT interval (ms) 394 (68) 392 (48)

QTc interval (ms) 447 (47) 421 (37)
P-wave axis (°) 51 (32) 53 (28)

QRS axis (°) 13 (61) 48 (49)

T-wave axis (°) 42 (58) 44 (33)

The table summarises demographic variables: gender (absolute
sample count and percentage) and age (median and IQR), along
with age group distributions by quantiles. ECG features are
reported as median (IQR), with temporal intervals (RR interval,

PR interval, QRS duration, QT interval, QTc interval) given in
milliseconds (ms) and electrical axes (P-wave, QRS axis, T-wave) in
degrees (°).

ECG, electrocardiogram; IQR, interquartile range; MIMIC-IV-

ECG, Medical Information Mart for Intensive Care IV-ECG; ms,
milliseconds; QTc, corrected QT interval.

RESULTS

Descriptive statistics

Table 1 highlights key demographic and ECG feature
differences between MIMIC-IV-ECG and ECG-View II.
Both datasets have a nearly identical gender distri-
bution, with slightly more male than female samples.
However, MIMIC-IV-ECG includes an older popula-
tion (median age: 66 vs 52 years), which may influ-
ence ECG characteristics. Notable differences include
a shorter RR interval in MIMIC-IV-ECG (769 ms vs
857 ms) and a higher QTc interval (447 ms vs 421 ms),
suggesting potential variations in heart rate and repo-
larisation patterns. Additionally, the QRS axis shows
a substantial shift (13° vs 48°), which may reflect the
differences in patient populations. A detailed compar-
ison of ECG features between diagnostic-positive
and diagnostic-negative groups across the MIMIC-IV
and ECG-VIEW II datasets is presented in the online
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supplemental table 3. The analysis reveals modest
yet consistent feature differences, suggesting poten-
tial disease-related alterations in ECG signals in an
exploratory manner.

Discriminative, calibration, decision and interpretability
analysis
Evaluation of the predictive performance of artificial
intelligence algorithms requires assessment covering
multiple domains, including discrimination and clin-
ical utility.28 We assessed discrimination in terms of
receiver operating curves/AUROC scores, calibration
through calibration plots and clinical utility through
decision curve analysis/net benefit.?® This is comple-
mented through an explainability analysis by means of
SHAP values. We showcase each of the four categories
as columns in figure 2.

Figure 2A presents the predictive performance of our
model for various neurocognitive disorders, evaluated

using AUROC scores on both internal (MIMIC-IV)
and external (ECG-View) test sets. The 95% prediction
intervals offer insight into the reliability of these scores.
Additionally, the class prevalence for each condi-
tion within its respective dataset is provided, offering
context on the population distribution and demon-
strating predictive performance robustness due to their
prevalence differences. In the MIMIC-IV cohort, preva-
lences range from 0.50% to 3.41%, while the ECG-View
cohort exhibits much lower prevalences, from 0.05% to
0.21%. Among the disorders evaluated, F03: dementia
exhibited the highest predictive performance, with
an internal AUROC of 0.848 (95% CI 0.848 to 0.848)
and an external AUROC of 0.865 (95% CI 0.864 to
0.865), followed by G30: Alzheimer’s disease, with an
internal AUROC of 0.811 (95% CI 0.811 to 0.811) and
an external AUROC of 0.863 (95% CI 0.863 to 0.864).
These findings highlight the reliability of our model
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in predicting neurocognitive disorders, despite differ-
ences in prevalence across datasets.

Figure 2B illustrates the calibration of the model
predictions for each condition, comparing predicted
probabilities with observed outcomes. Across all condi-
tions, our models demonstrate good calibration, indi-
cating that the predicted probabilities are consistent
with actual event rates. This is particularly relevant in
clinical applications, where overestimation or under-
estimation of risk could have critical consequences.
The reliability of these probability estimates further
supports the model’s utility in risk stratification and
decision support.

Figure 2C presents decision curve analysespresents
decision curve analyses, assessing the clinical utility of
our models. For all examined disorders, the models
provide a higher net benefit across a range of threshold
probabilities compared with the ‘refer-all’ and ‘refer-
none’ strategies. This suggests that using our models
to guide referral decisions could lead to better patient
outcomes while minimising unnecessary evaluations.
The consistent superiority of our models in net benefit
reinforces their practical value in aiding early detection
and triage for neurocognitive disorders.

Figure 2D represents the result of the interpret-
ability analysis. Across all disorders investigated, age is
the most important predictive feature, with increasing
age contributing positively. For Alzheimer’s disease,
decreased values of QRS duration and PR interval
contribute positively the most. For Parkinson’s disease,
decreased values of QTc interval and T-wave axis
contribute positively the most. For vascular dementia,
decreased values of QRS axis and QRS duration
contribute positively the most. For dementia, decreased
values of RR interval as well as increased values of PR
interval contribute positively the most. Finally, for
delirium, decreased values of RR interval as well as
increased values of QTc interval contribute positively
the most.

We also investigated ICD-10 codes with strong internal
discriminative performance on the MIMICIV-ECG
dataset that could not be externally evaluated on the
ECG-View II. Some of the high-performing categories
include eating disorders such as F502: bulimia nervosa
(AUROC=0.953) and F509: eating disorder, unspeci-
fied (0.916), personality disorders such as F602: antiso-
cial personality disorder (0.952) and conduct disorders
such as F91: conduct disorders (0.878). Additionally,
several substance-related disorders showed strong
internal performance, including F1510: other stimu-
lant abuse, uncomplicated (0.903), F1220: cannabis
dependence, uncomplicated (0.891), F1310: sedative,
hypnotic or anxiolytic abuse, uncomplicated (0.884),
F1910: other psychoactive substance abuse, uncompli-
cated (0.895) and F1012: alcohol abuse with intoxica-
tion (0.873). The full list of these codes is provided in
the online supplemental tablel, including eight codes
with AUROCGCs above 0.9 and 40 codes between 0.8

and 0.9, representing promising directions for future
investigation. Additionally, online supplemental table 2
lists conditions that showed good performance on the
internal test set but failed to generalise externally. For
instance, G931: anoxic brain damage was excluded from
the final analysis despite strong internal and external
AUROC values due to poor calibration and limited clin-
ical utility (see online supplemental figure 1).

DISCUSSION

Main findings

Detecting neurocognitive disorders through ECG
features may initially seem unconventional, as ECG
is traditionally used for cardiovascular diagnoses.
However, the physiological interplay between the
cardiovascular and neurocognitive systems offers a
unique opportunity for diagnostic innovation. While
the mechanisms linking neurocognitive disorders to
ECG abnormalities remain incompletely understood,
some known factors include autonomic nervous system
dysfunction, neurocognitive changes, vascular alter-
ations, electrophysiological disruptions and hormonal
or metabolic factors. For example, Alzheimer’s disease,
Parkinson’s disease and brain damage share common
ECG abnormalities, primarily reflecting autonomic
dysfunction and brain-heart communication.

Across the disorders investigated, reduced heart rate
variability, bradycardia due to parasympathetic domi-
nance and arrhythmias like atrial fibrillation® are
frequently observed. Medication effects, such as those
from cholinesterase inhibitors in Alzheimer’s or dopa-
mine agonists in Parkinson’s, can further influence
conduction and structural heart changes.” Despite
these insights, the specific relationship to certain
abnormalities remains unclear. Our findings identi-
fied distinctive ECG patterns for these disorders using
machine learning. Beyond diagnosis, ECG features
hold promise for guiding therapy management by
monitoring treatment responses, risk stratification for
medication-related adverse events, early intervention
to identify stress or relapse and longitudinal moni-
toring for chronic disorders. This interdisciplinary
approach bridges neurology, psychiatry and cardiology,
advancing novel diagnostic and therapeutic strategies.

The predictive power of specific ECG features high-
lights their ability to reliably identify neurocognitive
disorders from a single ECG recording. Consistently
high AUROC scores in both internal and external vali-
dations demonstrate the robustness of these features
across diverse cohorts. The distinct patterns observed
across physiological systems underscore the intri-
cate connection between cardiac and neurocognitive
health. In this study, age was identified as a key factor,
with older patients contributing more to most disor-
ders. This is consistent with well-documented evidence
of brain and structural degeneration associated with
ageing. For example, previous research has reported
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abnormal electroencephalograms in patients over 45
years old with disorders such as senile and arterioscle-
rotic psychosis, involutional psychosis, psychosis with
mental deficiency, manic-depressive states, psychoneu-
rosis and schizophrenia.”!

Previous studies support our findings regarding ECG
features in neurocognitive disorders. For example, a
previous study has demonstrated a link between low
QRS duration, low PR interval and abnormally high
P-wave axes with increased Alzheimer’s disease risk.”
Also, a meta-analysis reported a clear preponderance of
higher incidence and prevalence of Parkinson’s disease
in males,” which also aligns with our cohort observa-
tions. Similarly, a study including 981 patients demon-
strated that high QT interval values are associated with
Parkinson’s disease, which again matches our findings.
However, the authors also reported high QTc interval
values in their cohort.** In contrast, our analysis, based
on nearly 4000 samples, suggests that while the raw QT
interval is elevated in patients with Parkinson’s disease,
the QTc interval, when corrected for heart rate, appears
to be lower. This discrepancy may be due to differences
in sample size, patient characteristics or the method-
ologies used to correct the QT interval, as well as the
larger heterogeneity within our cohort. Left QRS axis
deviation has been associated with all-cause neurocog-
nitive conditions,” which aligns with low or negative
values found in our study. Shorter QRS duration has
been associated with non-Alzheimer dementia,15 and
increased QTc intervals have been reported in vascular
dementia populations,” both of which match our find-
ings. Finally, elevated QTc intervals in patients with
delirium are consistent with prior reports in delirium
tremens, where tachyarrhythmias resolved on appro-
priate treatment.””

Certain psychiatric and behavioural diagnoses,
including eating disorders, substance use disorders and
personality disorders, showed high predictive internal
performance that cannot be externally validated due
to missing labels in the external dataset. This raises
important clinical considerations about the physiolog-
ical manifestations of these conditions. Traditionally,
the diagnosis of these disorders relies on behavioural
assessments, structured interviews and, in cases of
substance use, confirmatory tests like toxicology
screenings. However, the ability of ECG-based models
to predict these diagnoses suggests that these condi-
tions may also leave detectable and specific cardiophys-
iological footprints, possibly through chronic stress,
autonomic dysfunction or cardiotoxic effects of certain
substances.

The results presented in this work suggest poten-
tially new ECG features for neurocognitive disorders.
This includes elevated RR interval for Alzheimer’s
disease, reduced QRS axis for Parkinson’s disease and
shortened QRS duration for vascular dementia. We
hypothesise that the elevated RR interval in Alzhei-
mer’s may reflect altered autonomic regulation due to

parasympathetic dysfunction.”® The reduced QRS axis
in Parkinson’s disease may result from basal ganglia
dysfunction affecting autonomic control of the heart.”
Similarly, the shortened QRS duration in vascular
dementia might result from cerebral ischaemia and
microvascular changes affecting cardiac conduction.*’
These hypotheses warrant further investigation.

Limitations
ECG is a valuable tool for identifying electrical abnor-
malities that may correlate with neurocognitive disor-
ders; however, it does not provide direct diagnostic
confirmation or insights into specific neurophysiolog-
ical changes underlying these disorders. Many ECG
alterations are non-specific and can be attributed to
factors such as stress, medication effects or comorbid
disorders, making it challenging to isolate patterns
uniquely associated with neurocognitive disorders.
Additionally, the causal mechanisms linking ECG abnor-
malities to neurocognitive disorders remain poorly
understood, highlighting the need for further investi-
gation into these complex relationships. Evidence from
ICD-10 diagnoses in MIMIC-IV suggests minimal signif-
icant label correlations,”” indicating that confounding
from co-occurring diseases may be limited. Similarly,
ECG feature abnormalities have been shown to be
detectable in treatmentnaive patients with incident
dementia," further supporting the value of this work.
Future research should explore how ECG abnor-
malities differ across diverse demographic groups and
distinguish them from normal variations, such as age-
related changes.*' Investigating the causal connections
between ECG features and neurocognitive disorders
will be essential for advancing our understanding.*
Further studies should focus on using raw ECG wave-
forms and validating findings across external datasets
to improve diagnostic accuracy.” ** The demonstrated
potential of raw ECG waveforms to outperform tradi-
tional ECG features emphasises the importance of
refining these approaches to enhance precision and
reliability in detecting neurocognitive disorders.

Implications

Our approach naturally encompasses both therapy-
naive patients and those attending follow-up visits, as
ICD-10 codes capture both newly assigned diagnoses
and ongoing treatment cases. This creates potential
confounding effects, since predictions might reflect
therapy-related cardiotoxic changes rather than the
neurocognitive condition. Notably, some medications
for Alzheimer’s disease carry cardiac risks: acetylcho-
linesterase inhibitors (donepezil, rivastigmine, galan-
tamine) can, in rare cases, cause bradycardia or QT
interval prolongation, particularly in patients with pre-
existing cardiac arrhythmias.* In contrast, memantine
has minimal cardiovascular side effects. Similarly, some
Parkinson’s disease medications have been associated
with cardiac complications. Certain dopamine agonists,
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particularly ergot-derived agents such as pergolide and
cabergoline, can increase the risk of valvular heart
disease by stimulating serotonin 5-hydroxytryptamine
receptor 2B receptors, leading to fibrotic changes in
heart valves.** In addition, antipsychotic medication
is commonly used in neurocognitive disorders, which
are associated with tachycardia, bradycardia and QTc
prolongation.*

These therapy-related cardiac effects further compli-
cate the distinction between disease progression and
treatment influence, underscoring the need for careful
monitoring, especially in patients with known cardiac
disorders.*” Future research should aim to stratify
newly diagnosed cases from follow-ups, as such differ-
entiation would enable a more precise evaluation of the
model’s ability to distinguish between new diagnoses
and therapy-induced patterns.

ECG innovations for neurocognitive disorders hold
great promise across diagnosis, therapy management
and personalised care. Distinctive ECG patterns can
serve as features for more efficient, non-invasive detec-
tion of neurocognitive disorders. Beyond diagnosis,
ECG monitoring can track treatment responses and
detect early physiological changes related to medica-
tion efficacy or adverse effects. Risk stratification is
another vital application, enabling clinicians to predict
adverse events such as arrhythmias linked to neuro-
cognitive treatments or stress-related cardiovascular
complications.

Longitudinal monitoring with periodic or wearable
ECG devices provides valuable insights into disease
progression, relapse or episodes prediction, facili-
tating real-time assessments of mental and physical
health. ECG-derived features also support personalised
medicine by guiding treatments tailored to individual
patients. Subtle ECG changes can signal stress, anxiety
or relapse, allowing timely clinical intervention. Recent
perspectives emphasise that early detection of cognitive
impairment in primary care enables earlier interven-
tions, including lifestyle changes and management of
comorbid conditions, that can slow cognitive decline
and improve overall outcomes for patients and care-
givers.** Similarly, predictive models for neurocogni-
tive disorders demonstrate that early detection and
intervention significantly enhance patient outcomes by
enabling timely, individualised therapeutic strategies.*’
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